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An Enhanced Shuffle Attention with Context Decoupling Head
with Wise IoU Loss for SAR Ship Detection

Yunshan Tang 2, Yue Zhang ?, Jiarong Xiao !, Yue Cao ! and Zhongjun Yu >*

Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China

School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of Sciences,
Beijing 100049, China
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Abstract: Synthetic Aperture Radar (SAR) imagery is widely utilized in military and civilian applica-
tions. Recent deep learning advancements have led to improved ship detection algorithms, enhancing
accuracy and speed over traditional Constant False-Alarm Rate (CFAR) methods. However, chal-
lenges remain with complex backgrounds and multi-scale ship targets amidst significant interference.
This paper introduces a novel method that features a context-based decoupled head, leveraging
positioning and semantic information, and incorporates shuffle attention to enhance feature map
interpretation. Additionally, we propose a new loss function with a dynamic non-monotonic focus
mechanism to tackle these issues. Experimental results on the HRSID and SAR-Ship-Dataset demon-
strate that our approach significantly improves detection performance over the original YOLOv5
algorithm and other existing methods.

Keywords: ship detection; synthetic aperture radar (SAR); decoupled head; attention mechanism;
YOLOvV5

1. Introduction

Synthetic Aperture Radar (SAR) is a microwave sensor that is unaffected by external
environmental factors such as clouds, fog, snow, and night situations. It is capable of
continuously monitoring local terrain scenes, possessing strong penetration capabilities
and high-resolution imaging characteristics, enabling accurate detection of obscured or
camouflaged targets [1]. It finds widespread applications in civilian and military sectors
including topographic mapping, disaster assessment, environmental monitoring, target
reconnaissance, and target localization. Among these applications, marine target detection
is a significant subdivision of SAR object detection, with ship target detection being a
primary focus within marine target detection.

In traditional ship detection algorithms, CFAR [2,3] and other adaptive algorithms
are widely utilized due to their capability of adaptively scanning images. The CFAR
method analyzes input noise to establish thresholds, thereby identifying the presence
of a target when the energy of the input signal surpasses these thresholds. To cater to
the diverse requirements of various SAR image applications, multiple statistical models
have been proposed, encompassing Gaussian, gamma, Weibull, log-normal, G0, and K
distributions [4,5]. Moreover, enhancements and variations of CFAR algorithms continually
emerge [6-8]. Nevertheless, these approaches often require the manual configuration of
features, which is laborious, and exhibit limited transfer ability. While these methods
excel in scenarios involving single-class ships and locally uniform background noise, their
efficacy wanes in scenarios such as nearshore ship detection with intense interference, as
well as multi-scale ship detection [9,10]. Additionally, they lack the capability to process
targets end-to-end. Hence, there exists an imperative need for more sophisticated and
robust algorithms to tackle these challenges.

Remote Sens. 2024, 16, 4128. https:/ /doi.org/10.3390/1s16224128 1 https://www.mdpi.com/journal /remotesensing
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After AlexNet [11] achieved significant acclaim in the 2012 ImageNet competition,
convolutional neural networks (CNNs) have seen a resurgence in importance within the do-
main of image processing. Represented by R-CNN [12], CNN-based algorithms have been
employed in object detection, pioneering the development of two-stage object detection.
Subsequent advancements such as SPPNet [13], Fast R-CNN [14], and Faster R-CNN [15]
have further refined two-stage detection algorithms, achieving real-time processing im-
provements in both accuracy and speed. The evolution of two-stage detection algorithms
has led to the emergence of models such as Feature Pyramid Networks (FPNs) [16], Cascade
R-CNN [17], Mask R-CNN [18], and Libra R-CNN [19], among others [20]. The two-stage
algorithm first proposes a region proposal, then proceeds to classify it and refine the
bounding box through the subsequent stage network. While more accurate than one-stage
algorithmes, it suffers from much slower processing speeds.

The two-stage algorithms still face bottlenecks in speed, and there is still a certain
gap in real-time image object detection. Addressing such issues, the You Only Look Once
(YOLO) [21] algorithm was proposed. As the pioneering work of single-stage detection
algorithms, it no longer needs to generate region proposals and process them in two steps,
but directly produces the output results for bounding boxes and class, achieving a nearly
10-fold speedup compared to the previous two-stage algorithms. Wei Liu proposed Single
Shot MultiBox Detector (SSD) [22], which introduces the concept of multi-scale and multi-
resolution detection. Subsequently, the YOLOv2 [23] and YOLOV3 [24] algorithms address
the poor accuracy issue of single-stage algorithms by incorporating ideas such as multi-box
detection, feature fusion, and multi-scale outputs into the network. While maintaining fast
processing speeds, these enhancements lead to a significant increase in accuracy. Following
RetinaNet [25], single-stage networks have surpassed the accuracy of the best two-stage
object detection networks at the time. CornerNet [26] and CenterNet [27] further introduce
the concepts of corner points and center points in deep learning. YOLOv4 [28] integrates
numerous contemporary ideas such as Complement IoU (ClIoU) [29], PANet [30], and Mix
up data augmentation [31] to achieve both fast processing speeds and higher accuracy in
object detection algorithms. YOLOX [32] introduces decoupled head into object detection,
achieving better results on top of existing algorithms. This paper selects the YOLOVS5 [33]
framework as the baseline for experimentation.

While existing networks have achieved good results in optical images, there are still
notable cases of false alarms and missed detections in SAR ship detection, particularly in
scenarios with strong interference near shorelines and in situations involving multi-scale
and small targets, as depicted in Figure 1. Therefore, there is an urgent need for algorithmic
improvements tailored to SAR images.

Figure 1. Several typical examples of situations with small vessel targets and an inshore background.

With the introduction of the SAR Ship Detection Dataset (SSDD) [34] and the emer-
gence of more SAR target detection datasets [35,36], a plethora of papers on SAR domain
object detection have been proposed [37]. The earliest works typically employed classi-
cal networks such as Faster R-CNN [34], SSD [38], and YOLOv2 [39], without improve-
ments specifically tailored to SAR ship target problems, resulting in a relatively mediocre
performance.
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Attention mechanisms, by weighting key feature maps and spatial regions of im-
portance, are commonly employed for the deep mining of multi-scale and small object
information, serving as a means to address targets in complex nearshore scenes effec-
tively [40-50].

In earlier endeavors, the integration of the Squeeze and Excitation (SE) attention
mechanism with Faster R-CNN has demonstrated excellent detection results on the early
version of the SSDD dataset [40]. Zhao et al. [41] proposed utilizing the Convolutional
Block Attention Module (CBAM) and Receptive Fields Block (RFB) to address detection
and recognition challenges on top of YOLOv5. Wang et al. [42] introduced the sim attention
mechanism and C3 channel shuffling to tackle multi-scale ship detection issues in complex
scenarios. Li et al. [43] presented coordinate attention to enhance the performance of detect-
ing small objects. Tang et al. [44] devised a Multiscale Receptive Field Convolution Block
with Attention Mechanism (AMMREF) to leverage positional information in feature maps,
accurately capturing regions crucial for detection in feature maps, as well as capturing
relationships between feature map channels to better understand the ship-background
dynamics. A study [45] proposed the United Attention Module (UAM) and Global Context-
guided Feature Balanced Pyramid (GC-FBP) to enhance ship detection performance. Wu
et al. [46] introduced a method based on the coordinate attention (CA) mechanism and
Asymptotic Feature Fusion (AFF) to alleviate the problem of small object position loss
and enhance the model’s ability to detect multi-scale targets. Hu et al. [47] put forward
a Balance Attention Network (BANet), employing both Local Attention Module (LAM)
and Non-Local Attention Module (NLAM) to respectively capture the local information of
ships, strengthen network robustness, and equilibrate local and non-local features. Ren [48]
proposed incorporating the Channel and Position Enhancement Attention (CPEA) module
to enhance the precision of target localization by utilizing positional data. DSF-Net [49]
incorporated the Pixel-wise Shuffle Attention module (PWSA) to boost feature extraction
capabilities and employed Non-Local Shuffle Attention (NLSA) to enhance the long-term
dependency of features, thereby promoting information exchange. Cui et al. [50] proposed
the addition of a Spatial Shuffle-Group Enhance (SSE) attention module to the CenterNet
network to enhance its performance. Cai et al. [51] introduced FS-YOLO, which incor-
porates a Feature Enhancement Module (FEM) and a Spatial Channel Pooling Module
(ESPPCSPC) on top of the original YOLO backbone, thereby improving network perfor-
mance. Wang et al. [52] integrated the Global Context-Aware Subimage Selection (GCSS)
module with the Local Context-Aware False Alarms Suppression (LCFS) module to en-
hance the network’s adaptability to duplicated scenes. Cheng et al. [53] improved the
YOLOX backbone by proposing the S2D network, which better integrates information
from the neck component and enhances the network’s performance in detecting small
objects. Additionally, Zhang et al. [54] discovered the modulation effects of target motion
on polarization and Doppler. Meanwhile, Gao et al. [55] employed the dualistic cascade
convolutional method to enhance the performance of ship target detection.

Many papers have also focused on improving the loss function to enhance object
detection performance. Zhang et al. [56] introduced the center loss to ensure an equitable
allocation of loss contributions among different factors and reduce the sensitivity of object
detection to changes in ground truth box shapes. YOLO-Lite [48] utilized a confidence
loss function to improve the accuracy of ship object detection. DSF-Net [49] employed
an R-tradeoff loss to improve small detects, accelerate training efficiency, and reduce
false positive rates. Zhou [57] developed a loss function that employs a dual Euclidean
distance approach, leveraging the corner coordinates of predicted and ground truth boxes,
which accurately describes various overlapping scenarios. Zhang [58] used global average
precision loss (GAP loss) to enable the model to quickly differentiate between positive
and negative samples to enhance accuracy. The paper [59] utilized a KLD loss function to
improve accuracy. Chen [60] used the SIoU loss to aid the training process of the network.

These loss functions enhance the detection capability for small objects to some degree,
accelerate training convergence, and elevate accuracy. However, they do not consider
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the impediment caused by inferior instances to the learning ability of the object detection
model, resulting in limited performance improvement.

Many articles have also explored the use of decoupled heads [43,47,61] to decouple the
semantic information head and bounding box information head, preventing interference
between different features and achieving better results. However, these simple decou-
pled heads only provide limited performance improvements as they do not consider the
differences in semantic and bounding box information.

Therefore, in this paper, based on the YOLOv5 backbone, we propose the SAR Ship
Context Decoupled Head (SSCDH), which is based on the characteristics of localization
and semantic information. We use shuffle attention to enhance the focus on understanding
complex backgrounds. Additionally, we introduce a new Wise IoU loss grounded in a
dynamic non-monotonic focus framework and designed to utilize the degree of anomaly.
The goal is to improve the accuracy of ship detection. Hence, the primary advancements of
this paper include the following;:

1. Inorder to enhance the effectiveness of the original decoupling head model, we design
dedicated decoupling heads that align with the specific characteristics of positioning
and semantic information.

2. To improve the model’s capability in detecting objects of varying scales, we in-
corporate a shuffle attention module into the larger feature layers of the original
model’s neck.

3. To boost the accuracy of object detection, we utilize the Wise IoU loss function, which
leverages attention-based bounding box regression loss and a dynamic non-monotonic
focus mechanism.

4. To demonstrate the effectiveness of the proposed technique, we conduct extensive
experiments using the HRSID dataset and the SAR-Ship-Dataset.

The first part of this paper served as an introduction, which presents the background,
related works pertinent to this study, and the identified issues. The second part focuses on
the methods, describing the network structure and the design approach for each module.
The third part presents the experimental details and results. The fourth part discusses the
effectiveness of our chosen head and attention mechanism. Finally, the fifth part concludes
the entire paper.

2. Methods

This section introduces the method of the proposed SSCDH. The first part provides
an overview of the architecture of the proposed model. The second part discusses the
shuffle attention module utilized in our model, along with its principles of spatial and
channel attention mechanisms. The third part introduces the decoupled heads based on
contextual information from ships. Lastly, the fourth part describes the Wise IoU loss
function employed.

2.1. Network Architecture

The network is based on YOLOVS5 architecture [33]. The overall structure of the pro-
posed method is shown in Figure 2. The input RGB image size is H x W x 3, where H
represents the height of the image and W represents the width of the image. The input
image passes through 1 large convolutional module and 2 convolutional and residual con-
volutional modules, resulting in a feature map of size & x ¥ x 256 after 3 downsampling
operations. Subsequently, another convolutional and residual module produces a feature
map of size % X % x 512, followed by another similar module yielding a feature map of
size % X % x 1024. These feature maps are then forwarded to the SPP bottleneck module

and subsequently to the neck module, still retaining the dimensions 352 X % x 1024.
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Figure 2. Overview of the proposed method’s structure. We used the backbone of YOLOV5 and neck
of PAN for the network, while the shuffle attention module and Context Decoupled Head added in
this paper are in the Attention Module and Context Decoupled Head part of this figure.

The feature map of size % X % x 1024 is processed through a 512-channel 1 x 1
convolutional layer, resulting in a feature map of size 352 X 3ﬂ2 x 512. This is then upsampled
twice and concatenated with another feature map. The feature map obtained after the
first upsampling, % X % x 512, is concatenated with the feature map from the backbone,
resulting in a feature map of size £ x ¥ x 1024. This is followed by another convolutional
layer to obtain a feature map measuring % X % x 512, which is then upsampled to obtain
a feature map of size & x ¥ x 512. A 256-channel 1 x 1 convolution is applied to obtain
the P5 feature map of size % X % x 256.

Additionally, the feature map of size % X % x 256 undergoes downsampling using a
256-channel convolution with a kernel size of 3, padding of 1, and a stride of 2, resulting
in a feature map of size % X % x 256. This is concatenated with the output of the second
convolution, resulting in a feature map of size £ x {I x 512, which is then passed through
a convolutional residual block to obtain the P, feature map measuring % X % x 512.

Similarly, the feature map of size % X I—Mg x 512 undergoes downsampling using a
512-channel convolution with a kernel size of 3, padding of 1, and a stride of 2, resulting
in a feature map of size 352 X % x 512. This is concatenated with the output of the second
convolution, resulting in a feature map measuring % X % x 1024. Another convolutional
residual block is applied to obtain the feature map P5 measuring 3% X 3&2 x 1024. A shuffle
attention module is then applied to this feature map to enhance feature extraction.

Subsequently, the model undergoes another convolution operation with 1024 channels,
a stride of 2, a kernel dimension of 3, along with a padding of 1. The generated feature map
is then directed to the next C3 module, yielding the feature map P of size 6% X % x 1024.

Finally, the SAR Ship Context Decoupled Head is utilized to fuse features from multi-
ple hierarchical levels. The feature map measuring % X % x 128 obtained after the second

downsampling is used as P, the feature map. Consequently, Pé is derived by incorporating
information from P,, P, and Py feature maps. Similarly, PA; incorporates information from
P;, Py, and P5 feature maps, and Pé incorporates information from Py, P5, and P feature
maps. This process ultimately yields the final bounding box positions and confidence
scores for target classification.
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2.2. Shuffle Attention Module

The application of the SE [62] mechanism considers the crucial role of channel attention
in target recognition and detection, which has found widespread application in object
detection. CBAM [63] combines both channel attention and spatial attention mechanisms,
resulting in a notable enhancement in the accuracy of computation. The shuffle attention
(SA) module [64] also integrates channel attention and spatial attention mechanisms while
incorporating the concept of group convolutional kernel channel rearrangement. This
achieves superior results compared to other attention mechanisms. In this proposed
method, we chose to integrate the shuffle attention component after 32 x downsampling
layers, aiming to elevate the understanding of the semantic and channel information for the
final layer, thereby achieving more accurate detection capabilities for complex scenes, small
targets, and multi-scale objects. Figure 3 illustrates the shuffle attention process framework.

Fe: Fully connection ®:element»wiseproduct o(-):sigmoid(-) @:Concat @ : Channel shuffle

c/G o —
fmi T 1xC/26G \“N
G \ 2G
Fuse
C
Aggregate 3(:
Split @i i ﬂ‘®_.
. 1 C/G
C/2G oG )
N C 2 /
Fe

Figure 3. The structure of the shuffle attention process.

C/G

c/ zg/

First, shuffle attention employs “channel partitioning” to concurrently process sub-
features for each group. Next, in the channel attention pathway, global average pooling is
utilized to compute statistics at the channel level. This is followed by the application of a
pair of parameters to adjust the scaling and shifting of the channel vectors. For the spatial
attention pathway, group normalization (GN) is utilized to derive statistics at the spatial
level, resulting in a condensed feature representation similar to that of the channel pathway.
Then, these two pathways are combined. Following this, all the derived sub-features are
consolidated and, ultimately, the channel shuffle technique is applied to enhance the data
exchange between the various sub-features.

Shuffle attention achieves the grouping of features, initially, by partitioning the feature
maps of a given size C x H x W into G groups. Here, C indicates the total number of
channels, while H signifies the vertical dimension of the feature map, and W corresponds
to its horizontal dimension. Specifically, shuffle attention divides the feature maps of
X as G clusters, denoted as X = [Xj,..., Xg], where each X is of the size % x H x W.
Consequently, during training, every individual component map X} progressively captures
different interpretive insights.

Subsequently, an attention module is used to generate the corresponding significance
weights for each component map. In detail, each attention unit processes the input feature
map X} by splitting it into two separate pathways, denoted as X3 and X},, each of size
% x H x W. One branch, X}, is used to create channel attention maps using connections
between channels to improve channel effectiveness. Meanwhile, the other branch, Xj,,
produces spatial attention maps using connections between spatial features to identify
more useful spatial characteristics.
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First, we extract channel-level statistical information from the input X by utilizing
global average pooling (GAP), embedding global information into s of size % x1x1s
can be obtained by performing spatial average pooling with dimensions H x W, defined as

1 gX .
s = GAP(Xyq) = TxW Y ) Xp(if). 1)
i=1j=1

Next, employing a basic gating function combined with a Sigmoid activation, we
construct a compact feature to precisely and adaptively select. The ultimate result of
channel attention X ;(1 can be derived as follows:

Xy = 0(Fe(8)Xp1 = 0(Wis +by) Xp, 2)

where W1 and b; are parameters of size % x 1 x 1 and used for the fully connected and
bias term s, F,(+) represents the full collection operation, and ¢ (+) represents the Sigmoid
activation function.

Simultaneously, we process data to obtain spatial-level statistical information, enhanc-
ing the representation through a Group Norm (GN) operation. The ultimate result of spatial
attention can be derived as follows:

X}, = 0(W2GN(Xja) + b2) Xpa, 3)

where W5 and b, are parameters of size % x1x1.

Finally, we merge the passways of the channel and spatial attention to obtain the
output of the same size as the input, X;( = [X;d,X;(z], with dimensions % x Hx W.
Subsequently, all components are aggregated. Lastly, we employ a “channel shuffle” that
enhances the flow of information between groups across channel dimensions. The final

output of the SA module matches the size of the input X.

2.3. SAR Ship Context Decoupled Head

The preference inconsistency towards feature context between classification and lo-
calization is strong. Specifically, localization tends to emphasize boundary features for
accurate bounding box regression, whereas object classification leans towards semantic
context. Existing methods like YOLOX utilize decoupled heads to handle different feature
contexts for various tasks. However, since these heads work with the same input features,
there is an imbalance between classification and localization.

Based on the structure and principles of Task-Specific Context Decoupling (TSCODE) [65],
we separately manage the encoding of features for categorization and positioning, known
as context decoupling, to selectively employ more suitable semantic contexts for specific
tasks. For the classification branch, rich semantic contextual features present in the image
are typically required to infer object categories. Therefore, we use feature encoding that
is broad but captures strong semantic details. For the localization branch, which requires
precise boundary information, we offer high-resolution feature maps to better define
object edges.

While classification in object detection is less detailed and focuses on identifying
objects within a bounding box, using downsampled feature maps for classification does not
significantly impact performance but does lower computational costs. On the other hand,
object categories can be inferred from their surrounding environments; for instance, ship
targets are likely to appear on the sea surface or docked at port edges. Employing broad
insights derived from detailed semantic information improves classification performance.

Building on these findings, we developed Semantic Context Encoding (SCE) to en-
hance classification efficiency and accuracy. As illustrated in Figure 4, SCE uses two levels
of feature maps, P; and Py, at each pyramid level | to produce a feature map with rich
semantic information for classification.
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By

Figure 4. Semantic Context Encoding (SCE).

Initially, we downsample P; by a factor of two and then concatenate it with P4, to
yield the final classification feature map, GICZS:

Glds = Concat(DConv(P,), P, 1), @)

where Concat((+)) signifies a concatenation operation, and DConv(®) refers to a shared
convolutional layer used for downsampling. It is noteworthy that the resolution of Gfls is
half of P;.

Subsequently, G is passed through to F.(-) = {fus(+),C(-)} to predict classifica-
tion scores, where f.(-) represents the classification loss function and C(-) represents
further classification and the Objection Operation. We employ f(+), consisting of two
convolutional layers with 512 channels. Given that Glds is downsampled by a factor of
2 compared to Pj, at each position (x, y) in G,Cls, the predicted classification scores of its
four nearest neighbors in P; are computed, denoted as C € RHr1>Wit1x4N where N is the
number of classes, and H;,1 and W, represent the height and width of the feature map.
Subsequently, C is reshaped to C € R"*WixN to recover the resolution

Cl2x +i,2y +j,c] = Clx,y, (2i + 2j)c],Vi,j € {0,1}. 5)

This approach not only leverages the sparse key features from P; but also incorporates
the rich semantic information from higher levels on the pyramid as P, .

Localization is more complex than classification, needing additional details for key-
point prediction. Methods usually use a one-scale feature map P;, though lower pyramid
levels often have stronger responses to object contours, edges, and fine textures. Neverthe-
less, higher-level feature maps are crucial for localization as they facilitate the comprehen-
sive observation of the entire object, thus giving more details to understand the complete
shape of the object.

Based on these findings, we recommend Detail Preserving Encoding (DPE) for accurate
localization. At each layer [ of the pyramid, our DPE integrates feature maps from three
layers: P;_1, P;, and Py 1. P;_q supplies detailed edge features, whereas P, 1 gives a broader
object view.

Figure 5 shows the DPE structure. The feature map on P is first upsampled by a factor
of 2 and then aggregated with P;_. Subsequently, it is downsampled to the resolution of
Py through a 3 x 3 convolutional layer with a stride of 2. Finally, P, is upsampled and
combined to produce the final classification feature map, Gl’“. The computation process is
as follows:

G = P+ j(Pr1) + DConv(Pi_y + u(P)). ©)

Here, p(®) signifies upsampling, while DConv(e) indicates a shared convolutional
layer for downsampling. Specifically, we compute GY¢ using Cy, Ps, and Py. Subsequently,
further bounding box predictions at the I-th pyramid level are performed through F.(-) =
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{f10s(+), R(+) }, where f},5(-) represents the locational loss function and R(-) represents the
further bounding box regression operation.

Figure 5. Detail Preserving Encoding (DPE).
2.4. Wise IoU Loss

In the field of object detection, Intersection over Union (IoU) evaluates the overlap
between anchor boxes and target boxes. Compared to employing the norm as the bounding
box loss function, IoU loss effectively mitigates interference from the proportional repre-
sentation of bounding box sizes, which allows the model to efficiently balance learning for
both large and small objects when IoU loss is utilized for bounding box regression. loU
loss is defined as

LIOU =1-1IoU. (7)

However, when IoU is zero (i.e., W; = 0 or H; = 0), the gradient of the IoU loss
ag% = 0, resulting in the disappearance of gradients during back-propagation and the
failure to update the overlapping distance W;.

To address this issue, existing research accounts for various geometric aspects of
bounding boxes and incorporates a penalty term R;. The existing bounding box regression
(BBR) loss follows the paradigm

L; = Liu + R;. (8

The Generalized Intersection over Union (GloU) loss function extends the standard
IoU loss by incorporating a penalty term. Unlike traditional IoU, which only assesses the
overlap between boxes, GloU also evaluates the surrounding non-overlapping regions.
However, when one box is fully enclosed within another, GIoU cannot differentiate its
relative positional relationships.

To address the limitations of GloU, Distance-IoU (DIoU) [29] adjusts the penalty term
by maximizing the overlap area. This is achieved through minimizing the normalized
distance between the center points of two bounding boxes. This modification aims to
prevent divergence issues that can occur during the training process when using IoU loss
and GloU loss.

DIoU is defined as the relative spacing between the centers of two bounding boxes:

2 b, bgt
Rprou = P(Ciz) 9)

where b and b8! are the centers of the predicted and ground truth bounding boxes, respec-
tively. The term p represents the Euclidean distance between these centers, while c refers to
the diagonal length of the minimal bounding rectangle that can enclose both the predicted
and actual boxes.
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This method effectively addresses the gradient vanishing issue encountered with Ly,;
and incorporates a geometric aspect. By utilizing R, DIoU can make more intuitive
selections when faced with anchor boxes that have identical L;,;; values.

Furthermore, considering the aspect ratio in addition to DIoU leads to the proposed

CloU:
Rciou = Rprou + av, (10)
where v
N=— 11
Loy +v ( )

and v describes the consistency of aspect ratios:

v= %(tan_l% — tan_lg)z. (12)
Here, w and wg¢t denote the widths of the prediction box and the ground truth box,
while 1 and hgt represent the heights of the prediction box and the ground truth box,
respectively. Because the unavoidable presence of poor-quality instances in the dataset
leads to increased penalties, especially when influenced by factors like geometry, distance,
and aspect ratio, thus diminishing the model’s generalization performance. In order to
reduce the effects of geometry when anchor boxes align closely to target boxes, while
intervening less during training to elevate the model’s ability to generalize, we construct

WIoU v1 [66] as
Lwrouv1 = RwiouLiou- (13)

The IoU score Loy € [0, 1] significantly diminishes the penalization for high-quality
anchor boxes in Ry,;, emphasizing the gap between center points when anchor boxes
closely match with target boxes, where Ryy,i; € [1,¢) is the term amplifying L, for
regular quality anchor boxes.

(et P (y =)

(14)
71 2
W¢ + Hg

Ryrour = exp(

Here, We and H, denote the size of the minimum bounding box, while the numerator
represents the [, distance between the prediction box and ground truth. For the purpose of
stopping Ry oy from causing gradients hindering optimization, We and Hy are excluded
from the computation framework and the computation is denoted by the superscript *.
This effectively eliminates factors hindering convergence, thus avoiding the introduction
of new metrics like the aspect ratio.

Inspired by focal loss, which concentrates model attention on challenging samples,
improving classification performance, we introduce a monotonic focusing coefficient L},
for Lwioust:

Lwious2 = LTy Lwious1, 7y > 0. (15)
The introduction of the focusing coefficient alters the gradient propagation of WloU
v2:
OLwiotro2 v+ OLwiotrot
WlotloZ _ ——rlotel 0. 16
dL1ou U 3Ly 7 (10

It is noteworthy that the gradient gain r = L] ; € [0,1]. During model training, as
Ljoy decreases, the gradient gain also diminishes, resulting in diminished efficiency in the
final training phases. Thus, we introduce the average of Lj,; as a normalization factor:

T

L
Lwiots2 = (=25 Ly tou1.- (17)

IoU

10
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Here, Lj,1; denotes the exponentially weighted momentum-weighted moving average
with parameter m. Dynamic adjusting of the normalization parameter maintains the

S L] . .
gradient improvement r = (szou)v on a more elevated perspective overall, thus dealing

TolU
with the challenge of reduced convergence speed in later training phases.

The abnormality of anchor boxes is distinguished by the proportion of Ly,; to Lig:

L
B=—LU c[0,4). (18)
ToU

Lower abnormality implies a higher quality of anchor boxes. We assign smaller gra-
dient improvement to them, focusing the regression on anchor boxes of normal quality.
Additionally, assigning reduced gradient improvement to anchor boxes with higher ab-
normality effectively prevents large gradients from low-quality samples. We construct a
non-monotonic focusing coefficient apply it to WloU v1:

Lwiouos = rlwiouet, " = 5 5=- (19)

Here, when = J, r = 1. When the abnormality of anchor boxes satisfies p = C,
where C represents a constant, the reference box will obtain the maximum gradient benefit.
Since Ly, is variable, the standards for categorizing anchor box quality are, likewise,
flexible, enabling WIoU v3 to adopt the most suitable gradient gain distribution method at
each moment.

3. Experiment and Results
3.1. Experiment Setup

The experiment was carried out on PyTorch 1.13.1, CUDA 12.0, on a system equipped
with an NVIDIA Quadro P5000 GPU and Windows 10. The model started with weights that
were previously trained provided by ImageNet, and trained with the stochastic gradient
descent algorithm for 400 epochs, with a starting learning rate of 0.01, momentum of 0.937,
and weight decay of 0.0005. Additionally, a warm-up of weights was performed for the
first 3 epochs, with a momentum of 0.8 during the warm-up phase. Furthermore, batch
sizes of 64 and 16 were used for HRSID and SAR-Ship-Dataset, respectively. All remaining
parameters were aligned with the initial YOLOV5 setup. The same settings were utilized in
every experiment that involved alternative techniques to ensure a fair comparison. Table 1
presents the setup for the experiment.

Table 1. Table of experiment setup.

Experiment Details

PyTorch Version 1.13.1
CUDA Version 12.0
GPU NVIDIA Quadro P5000
Operating System Windows 10
Batch Size (HRSID) 64
Batch Size (SAR-Ship-Dataset) 16
3.2. Dataset
3.2.1. HRSID

The HRSID dataset, annotated and publicly released by Wei et al. [35], comprises
5604 SAR image samples from Germany’s TerraSAR-X, and TanDEM, the Sentinel-1 satel-
lite of the European Space Agency that includes 16,951 annotated ship targets. Images
are divided into patches of 800 x 800 pixels and have resolutions of 0.5 m, 1 m, and 3 m.
They cover international maritime routes such as those in Sao Paulo, Barcelona, Chittagong,
and Bangladesh. The dataset encompasses diverse ship environments, ranging from good

11
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to poor sea conditions, coastal scenes, and simple offshore scenes. Given the variety of
complex scenes in the HRSID dataset, it is appropriate for evaluating SAR detection perfor-
mance in challenging environments. The dataset creators partitioned HRSID, allocating
65% for training and 35% for validation. All experiments conducted in this paper on HRSID
were trained and tested using this partitioning.

3.2.2. SAR-Ship-Dataset

To address the issue of network training relying on large amounts of data, Wang
et al. [36] built a dataset named SAR-Ship-Dataset. The SAR-Ship-Dataset comprises
43,819 images and 59,535 ship targets, sourced from 108 Sentinel-1 images and 102 Gaofen-
3 SAR images. The images are cropped into 256 x 256 patches, with resolutions of 3 m, 5 m,
8 m, and 10 m. The original authors did not provide an official partitioning of training and
validation sets. We randomly partitioned and selected the experimental data based on a
proportion of 4:1 for the training and testing sets.

3.2.3. Analysis of the Two Datasets

The SAR-Ship-Dataset has a large scale, containing 43,819 images, including a signifi-
cant number of high-noise images, which enhances the robustness of models trained on
this dataset for real-world applications. However, the slices of the SAR-Ship-Dataset are
256 x 256 pixels, which is relatively small. This limitation may pose some challenges to
the generalization capability of the dataset during training. Because of the small slice size,
various models generally achieve high AP50 results on this dataset. However, the smaller
slice dimensions result in lower AP50-95 scores, which require higher accuracy.

In contrast, the slices of the HRSID dataset are 800 x 800 pixels, which allows for a
more substantial inclusion of land information and accommodates a variety of ship target
sizes at different scales, as well as a greater range of complex dense scenes and nearshore
environments. This larger slice size is advantageous for distinguishing multi-scale ship
targets in images and for effectively addressing nearshore conditions. Although the larger
slice size results in slightly lower AP50 scores across different models, the AP50-95 scores
of the models are relatively higher. However, it is worth noting that the HRSID dataset has
a relatively limited number of images, with only 5604 available, which could somewhat
influence the model’s overall capabilities. Additionally, the increased clarity of the HRSID
images might lead to some challenges in maintaining robustness in scenarios that involve
significant noise.

3.3. Evaluation Metrics

To evaluate ship detection systems, we utilized metrics including precision (P), recall
rate (R), F1 Score, and average precision (AP). The formulas for precision and recall are

outlined below:
TP

P= T (20)

TP
R=——" . 21
TP + EN 1)

In these formulas, true positive (TP) refers to instances correctly identified as positive,
while false positive (FP) indicates cases incorrectly classified as positive. False negative (FN)
refers to ship targets missed due to misclassification as background. Precision indicates
the likelihood of correct predictions, while recall measures the probability of successfully
identifying true positive samples.

The F1 Score assesses the balance between precision and recall and is calculated using

P xR

F1 =2 . 22
Score X PR (22)

12
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Because precision and recall are mutually influenced, a high precision often implies a
low recall and vice versa. Their relationship is represented by the P-R curve. The formula
for average precision (AP) is as follows:

AP = /01 P(R)dR. (23)

When the IoU threshold is defined as 0.5, we obtain the result for AP50. AP50-95 is
the average of AP values computed across different instances as the IoU threshold varies
between 0.5 and 0.95 in increments of 0.05.

3.4. Ablation Study

This part investigates the impact of various enhancements on object detection perfor-
mance through an ablation study conducted on two datasets: HRSID and SAR-Ship-Dataset.
Modifications to the baseline YOLOv5 model, including Wise IoU loss, shuffle attention,
and Context Decoupled Head, individually and in combination, are evaluated.

Table 2 summarizes the performance improvements achieved by different enhance-
ments on the HRSID dataset. The baseline model attains a precision of 91.4% and a recall of
86.5%, with AP50 and AP50-95 scores of 93.4% and 68.1%. Integrating Wise IoU loss slightly
improves recall and AP50 by 1.0% and 0.4%, respectively, with AP50-95 increasing by 1.4%.
Adding shuffle attention results in improved precision, recall, and AP50 by 0.8%, 0.8%, and
0.4%, while increasing AP50-95 to 69.3%. Combining both enhancements results in a further
increase in precision to 92.8% and recall to 88.0%, with notable improvements in AP50 to
94.2% and AP50-95 to 70.5%. Incorporating the Context Decoupled Head yields notable
improvements across all metrics, with precision, recall, AP50, and AP50-95 increasing by
0.9%, 1.8%, 0.7%, and 2.6%, respectively. Combining Wise IoU loss and shuffle attention
with the Context Decoupled Head further enhances performance. The highest overall
improvements are observed in the model incorporating all three enhancements, with AP50
increasing by 1.1% and AP50-95 by 4.0% compared to the baseline model.

Table 2. Detection results on HRSID.

+Context

Baseline +Wise IoU +Shuf.ﬂe Decoupled Precoision Recall (%) F1 %core AP50 (%) AP§0-95
Loss Attention (%) (%) (%)
Head

v 91.4 86.5 88.9 93.4 68.1
v v 91.4 87.5 89.4 93.8 (+0.4) 69.5
v v 92.2 87.3 89.7 93.8 (+0.4) 69.3
v v 92.3 88.3 90.3 94.1 (+0.7) 70.7
v v v 92.8 88.0 90.4 94.2 (+0.8) 70.5
v v v 92.3 88.9 90.6 94.3 (+0.9) 71.3
v v v 92.5 88.7 90.6 94.3 (+0.9) 71.1
v v v v 92.4 89.4 91.0 94.5 (+1.1) 721

Similar performance improvements can also be seen in results from the SAR-Ship-
Dataset in Table 3. The baseline YOLOVS5 attains a precision of 90.6%, recall of 89.8%, AP50
of 94.7%, and AP50-95 of 56.1%. Adding Wise IoU loss slightly improves precision, recall,
and AP50 by 0.1%, 0.4%, and 0.3%, respectively. Incorporating shuffle attention results
in improvements across all metrics, with AP50 and AP50-95 increasing by 0.2% and 0.5%.
Context Decoupled Head integration yields significant improvements, with precision, recall,
AP50, and AP50-95 all increasing by 1.3%, 0.6%, 0.4%, and 1.0%, respectively. Combining
Wise IoU loss and shuffle attention with the Context Decoupled Head further enhances
performance. The highest overall improvements are observed in the model incorporating
all three enhancements in our proposed method, with AP50 increasing by 0.8% and AP50-95
by 2.2% in comparison to the baseline network.
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Table 3. Detection results on SAR-Ship-Dataset.

+Context

Baseline +Wise IoU +Shuf.ﬂe Decoupled Precoision Recall (%) F1 ?core AP50 (%) AP§0-95
Loss Attention (%) (%) (%)
Head

v 90.6 89.8 90.3 94.7 56.1
v v 90.7 90.2 90.5 95.0 (+0.3) 56.5
v v 91.2 89.7 90.4 94.9 (+0.2) 56.6
v v 91.9 90.4 91.1 95.1 (+0.4) 57.1
v v v 91.5 89.7 90.6 95.2 (+0.5) 56.9
v v v 92.0 90.5 91.2 95.3 (+0.6) 57.7
v v v 92.2 90.3 91.2 95.2 (+0.5) 57.4
v v v v 92.5 90.5 91.5 95.5 (+0.8) 58.3

To summarize, the ablation study illustrates the cumulative effect of integrating Wise
IoU loss, shuffle attention, and the Context Decoupled Head on enhancing object detection
performance across both datasets, resulting in notable improvements in precision, recall,
and AP scores.

3.5. Comparative Experiments

The comparative experiment result on the HRSID dataset is shown in Table 4. Based
on the comparative experiments on the HRSID dataset, we focused on the performance of
various object detection models across key metrics including F1 Score, AP50, and AP50-
95. YOLOVS5, serving as the baseline model, demonstrates a strong performance, with
an F1 Score of 88.9%, AP50 of 93.4%, and AP50-95 of 68.1%. In contrast, classic methods
like Faster R-CNN and SSD show comparatively less impressive results on these metrics.
YOLOV3 exhibits high performance but it is lower than the baseline model YOLOvVS5. The
results of CenterNet are lower than those of YOLOv3. YOLOv4 performs better than
YOLOV3, but it is still below our baseline, YOLOv5. YOLOX, another emerging method,
exhibits a notable performance for AP50, AP50-95, and F1 Score, at 89.5%, 93.1%, and 67.7%,
respectively, albeit slightly below the baseline model YOLOv5. However, our proposed
method showcases superior overall performance across all key metrics, achieving an F1
Score of 90.9%, AP50 of 94.5%, and AP50-95 of 72.1%, significantly outperforming all other
models. This underscores the significant advantages of our approach in object detection
tasks, particularly in enhancing detection accuracy, recall, and stability.

Table 4. Detection results on HRSID.

Method Precision (%)  Recall (%) F1Score (%) AP50 (%) AP50-95 (%)
Faster R-CNN 81.7 81.6 81.6 84.1 53.4
SSD 86.3 80.8 83.5 87.1 57.8
YOLOvV3 91.5 85.7 88.5 92.7 66.5
CenterNet 90.1 84.3 87.1 91.4 63.1
CenterNet+SSE 91.1 86.2 88.6 93.0 65.0
YOLOv4 91.1 85.9 88.4 929 67.2
YOLOvV5 91.4 86.4 88.9 93.4 68.1
FS-YOLO 92.0 87.1 89.5 93.7 68.6
GLC-DET 91.6 87.9 89.7 93.9 69.0
YOLOX 92.7 86.6 89.5 93.1 67.7
S2D 92.7 87.6 90.1 94.0 69.7
Proposed Method 92.4 89.4 90.9 94.5 72.1

Furthermore, our method achieves remarkable results compared to several other SAR
image processing approaches. The core metrics of CenterNet + SSE [50], such as AP50 and
AP50-95, while superior to the results of CenterNet, still fall short of those achieved by
our proposed method. Although FS-YOLO [51], GLC-DET [52], and S2D [53] have shown
improvements based on their chosen YOLO backbone, their performance still does not
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match that of our approach. Therefore, in comparison with the latest SAR object detection
methods, our method continues to deliver outstanding results.

Similarly, based on the comparative experiments on the SAR-Ship-Dataset shown
in Table 5, we focused on different object detection models” performance metrics such as
precision, recall, F1 Score, AP50, and AP50-95. Traditional methods like Faster R-CNN and
SSD demonstrate stable performance but fall short compared to the YOLO series, achieving
an AP50 of 90.6% and 92.3%, respectively. Modern methods including CenterNet, YOLOV3,
YOLOv4, YOLOV5, and YOLOX exhibit higher performance levels, achieving an AP50
of 92.6%, 93.9%, 94.2%, 94.7%, and 94.4%, respectively. However, our proposed method
outperforms all others across all key metrics, achieving 92.5% precision, 90.3% recall, 91.5%
F1 Score, as well as an AP50 of 95.4% and AP50-95 of 58.3%, significantly surpassing all
other models. Meanwhile, the proposed method surpasses the latest SAR object detection
methods [50-53] across a range of metrics, including F1 Score, AP50, and AP50-95. This
highlights the exceptional performance of our method on the SAR-Ship-Dataset.

Table 5. Detection results on SAR-Ship-Dataset.

Method Precision (%)  Recall (%) F1 Score (%) AP50 (%) AP50-95 (%)
Faster R-CNN 85.2 88.1 86.6 90.6 47.2
SSD 87.3 87.7 87.5 92.3 49.8
YOLOvV3 89.8 88.7 89.2 93.9 54.4
CenterNet 88.1 87.9 88.0 92.6 54.2
CenterNet+SSE 89.3 88.4 88.8 93.5 55.1
YOLOv4 90.2 89.3 89.7 94.2 55.4
YOLOvV5 90.6 89.8 90.2 94.7 56.1
FS-YOLO 91.2 90.0 90.6 94.9 56.9
GLC-DET 92.0 89.7 90.8 95.0 57.1
YOLOX 90.7 90.2 90.4 94.4 56.6
S2D 91.4 90.3 90.8 95.0 57.4
Proposed Method 92.5 90.3 91.5 95.4 58.3

3.6. Comparison Experiment Visualization

Figure 6 below compares the performance of YOLOX, baseline YOLOVS5, and the
proposed algorithm in dense and complex scenes, highlighting distinct advantages of
the proposed algorithm. The first row of the images depicts results from complex dock
scenes in the HRSID dataset, where many port facilities resemble ships in shape and
exhibit strong electromagnetic scattering, leading to false alarms and missed detections.
All three algorithms incorrectly identify a ship facility as a ship, but besides that mistake,
YOLOX also detects a noise signal false alarm as a ship target, while YOLOv5 misses
a small ship in the bottom left corner. The second row shows detection in dense target
scenes within the HRSID dataset, where the proposed algorithm exhibits fewer false
alarms compared to YOLOv5 and YOLOX. In the SAR-Ship-Dataset, the advantages of the
proposed algorithm are more pronounced. In the third row, YOLOv5 and YOLOX show
severely missed detections in dense ship scenes, whereas the proposed algorithm achieves
a better detection of dense vessels. In the fourth row, amid noisy conditions, YOLOV5 as
the baseline incorrectly identifies many noise signals as ships. Lastly, in the complex port
data, the proposed algorithm demonstrates the least false alarms and mistaken detections.
This comparative demonstration has proved the effectiveness of our proposed approach to
be superior to both the baseline YOLOvS5 and methods such as YOLOX.
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(@) (b) () (d)

Figure 6. Comparison figures of algorithm detection performance for SAR ship targets with various

algorithms: (a) column represents the ground truth (GT), (b) column shows the performance of
YOLOX algorithm, (c) column shows the performance of YOLOVS5 as the baseline algorithm and
(d) column displays the effectiveness of the proposed approach. Here the green box represents the
targets of GT, while the red box represents the detected targets.

3.7. Visualization of Test Results in Complex Situations

Further tests are conducted to assess the robustness of the proposed method in complex
scenarios, including an analysis of the model’s robustness under challenging conditions.
We selected high noise situations, dense ship scenarios, and complex background cases.
The visualization of the experimental test results is shown below. From Figure 7, it can be
seen that our method achieves excellent results in complex scenarios. The first row depicts
high noise conditions; by comparing it with the ground truth, we find that our method
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can overcome high noise interference and correctly detect the targets. The second row
illustrates dense and small target situations. From the comparison of (e) and (f), we can see
that, out of 120 ship targets, we only miss one, and this missed detection was due to two
ship targets being too close to distinguish. In (g) and (h), our main errors are also due to the
excessive density of ship targets, making it difficult to discern the exact number of targets.
Additionally, some targets are too small to differentiate from floating objects in the river,
contributing to some of our errors. Nevertheless, our method successfully detects the vast
majority of targets (79 targets, with 75 correctly detected and 1 false alarm). In such overly
complex situations, corresponding optical remote sensing images are needed for assistance,
which will be a focus of our future research. The third row depicts a situation where targets
of varying sizes coexist in a complex nearshore environment, and our method successfully
and accurately detects all ship targets here. The superior performance of our method in
complex scenarios also demonstrates its strong robustness in handling such conditions.

@) () () O

Figure 7. Test results displayed in complex scenarios. The first row shows high noise conditions,

where (a,c) are the ground truth, and (b,d) are the corresponding test results; the second row presents
dense and small target situations, with (e,g) as the ground truth, and (f,h) as the corresponding test
results; the third row illustrates complex scenarios with multiple scales, where (i k) are the ground
truth, and (j 1) are the corresponding test results. Here the green and the red box represents the target
of GT and the detected target, while the yellow circle represents the missed or incorrect detection.
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4. Discussion
4.1. Attention Mechanism

The integration of shuffle attention serves as a critical enhancement in feature represen-
tation. Unlike traditional attention mechanisms that often prioritize spatial or channel-wise
features in isolation, shuffle attention dynamically adjusts the attention weights across
both dimensions simultaneously. This dual approach enables the model to effectively cap-
ture contextual relationships among objects and their surroundings, which is particularly
beneficial in cluttered environments. By concentrating on relevant spatial features while
maintaining a holistic view of the input data, the model’s ability to infer object categories
and their contextual significance is markedly improved. Furthermore, the adaptability of
shuffle attention to multi-scale objects allows for a more nuanced understanding of features,
thereby enhancing the model’s overall performance across varying object sizes.

In this part, we conducted extensive experiments applying various attention mech-
anisms on the HRSID dataset and the SAR-Ship-Dataset, analyzing their effectiveness in
object detection tasks.

Concerning the HRSID dataset, the comparative experiment results are shown in
Table 6. Among the various attention mechanisms examined, shuffle attention demon-
strated outstanding performance in enhancing recall, getting precision and recall rates of
92.4% and 89.4%, along with an F1 Score of 90.9%. Furthermore, it attained high levels of
94.5% and 72.1% on the AP50 and AP50-95 evaluation metrics, respectively. These results
indicate that, compared with many other attention mechanisms, shuffle attention effectively
elevates the network’s capabilities to identify ship targets in object detection tasks.

Table 6. Detection results on HRSID.

Method Precision (%) Recall (%) F1 Score (%) AP50 (%) AP50-95 (%)
+SE 93.7 87.4 90.4 94.1 715
+CBAM 92.7 87.7 90.1 94.2 71.2
+ECA 93.1 87.6 90.3 94.1 71.1
+Coordinate attention 93.2 86.9 89.9 94.3 71.3
+sim attention 92.5 87.2 89.8 94.1 70.9
+shuffle attention 92.4 89.4 90.9 94.5 72.1

Apart from shuffle attention, other attention mechanisms exhibited relatively weaker
performances in recall. For instance, SE, CBAM, and Efficient Channel Attention (ECA)
achieved recall rates of 87.4%, 87.7%, and 87.6%, respectively, much lower than shuffle
attention’s 89.4%. Additionally, coordinate attention and sim attention achieved recall rates
of 86.9% and 87.2%, respectively, also lower than shuffle attention. Besides recall, other
performance metrics (F1 Score, AP50, and AP50-95) also failed to surpass shuffle attention.
Specifically, shuffle attention achieved relatively high levels of 90.9%, 94.5%, and 72.1% on
the F1 Score, AP50, and AP50-95, respectively. In comparison, the performance of other
attention mechanisms on these metrics was slightly inferior. For instance, the performance
of SE, CBAM, and ECA on these metrics were 90.4%, 90.1%, and 90.3% (F1 Score), 94.1%,
94.2%, and 94.1% (AP50), and 71.5%, 71.2%, and 71.1% (AP50-95), respectively. Although
their performance remains respectable, they cannot match the overall performance of
shuffle attention. Thus, shuffle attention not only excels in recall rate but also achieves high
levels on other crucial performance metrics, further demonstrating its superiority in object
detection tasks.

Furthermore, the results in Table 7 indicate that shuffle attention also performs op-
timally on the SAR-Ship-Dataset. It surpasses other attention mechanisms in key perfor-
mance indicators such as precision (92.5%), recall (90.5%), F1 Score (91.5%), AP50 (95.5%),
and AP50-95 (58.3%). This underscores the significant advantage of shuffle attention in
object detection tasks, particularly in improving recall and overall performance.
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Table 7. Detection results on SAR-Ship-Dataset.

Method Precision (%) Recall (%) F1 Score (%) AP50 (%) AP50-95 (%)
+SE 91.7 89.6 90.6 94.8 56.7
+CBAM 91.8 89.6 90.7 94.9 57.3
+ECA 91.9 89.8 90.8 95.1 56.7
+Coordinate attention 91.2 90.1 90.7 94.8 56.4
+Sim attention 92.3 90.2 91.2 95.2 58.0
+Shuffle attention 92.5 90.5 91.5 95.5 58.3

Consequently, we conclude that shuffle attention is the optimal choice among many
attention mechanisms for achieving object detection on the SAR-Ship-Dataset.

4.2. Decoupled Head

In object detection, classification and localization are two main sub-tasks, but there
is an inconsistency in their requirements for feature context. The localization task focuses
more on boundary features to accurately regress bounding boxes, while the classification
task tends to rely on a rich semantic context. Existing methods typically employ decoupled
heads to address this issue, attempting to learn different feature contexts for each task.
However, these decoupled heads still operate based on the same input features, resulting
in an unsatisfactory balance between classification and localization. Specifically, bounding
box regression requires more texture details and edge information to precisely locate the
object’s boundaries, whereas the classification task necessitates a stronger semantic context
to identify the object’s category.

This situation means that traditional decoupled head detectors cannot effectively
meet the demands of these two tasks because they still share the same input feature maps,
limiting their ability to select task-specific contexts. Although traditional decoupling
designs achieve parameter decoupling by learning independent parameters, they still fail
to fully resolve the issue, as the semantic context is largely determined by the shared
input features. This leads to the phenomenon of feature redundancy in the classification
task, while the localization task relies on more detailed texture and boundary information,
making it difficult to achieve accurate corner predictions.

In order to demonstrate that designing decoupled heads based on different contextual
semantics for classification and regression branches achieves better target detection results
in SAR ship target detection than simple decoupled heads, we conducted comparative
experiments using the simple decoupled head and Context Decoupled head.

The Tables 8 and 9 below present the performance metrics of the two different heads,
simple decoupled head and Context Decoupled head, on the HRSID and SAR-Ship-Datasets.
These methods were evaluated based on precision (Pre), recall (Rec), AP50, AP50-95, and
Giga Floating-point Operations (GFLOPs).

Table 8. Comparative detection result on HRSID.

Method Pre (%) Rec (%) AP50 (%) AP50-95 (%) GFLOPs
+simple decoupled head 91.6 88.4 94.2 70.1 7.1
+Context Decoupled head 92.4 89.4 94.5 72.1 9.8

Table 9. Comparative detection result on SAR-Ship-Dataset.

Method Pre (%) Rec (%) AP50 (%) AP50-95 (%) GFLOPs
+simple decoupled head 91.3 90.2 94.8 57.1 7.1
+Context Decoupled head 92.5 90.5 95.5 58.3 9.8

For the simple decoupled head method, on the HRSID dataset, its precision is 91.6%, re-
call is 88.4%, AP50 is 94.2%, AP50-95 is 70.1%, and computational complexity is 7.1 GFLOPs.
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On the SAR-Ship-Dataset, its precision is 91.3%, recall is 90.2%, AP50 is 94.8%, and AP50-95
is 57.1%, with computational complexity remaining at 7.1 GFLOPs. In contrast, the Context
Decoupled head method demonstrates superior performance on both datasets. On the
HRSID dataset, its precision is 92.4%, rate of recall is 89.4%, AP50 is 94.5%, AP50-95 is 72.1%,
and computational complexity is 9.8 GFLOPs. On the SAR-Ship-Dataset, its precision is
92.5%, recall is 90.5%, AP50 is 95.5%, and AP50-95 is 58.3%, with computational complexity
still at 9.8 GFLOPs.

These results show that the Context Decoupled head approach outperforms the simple
decoupled head method regarding precision, recall, and AP on both datasets, albeit with
slightly higher computational complexity.

4.3. Wise IoU Loss

The Wise IoU loss introduces a sophisticated mechanism to mitigate the negative
impact of low-quality samples during training. Traditional loss functions often penal-
ize the model heavily for geometric discrepancies, which can disproportionately affect
generalization, especially in datasets with noisy annotations. By employing a distance
attention mechanism alongside a dynamic focus mechanism, our loss function alleviates the
penalty on well-aligned anchor boxes while downplaying the influence of poorly aligned
ones. This novel approach not only fosters better training dynamics but also enhances
the model’s robustness against false positives and negatives. The result is a model that
excels in precise localization, particularly in challenging scenarios where object overlap
and occlusion are prevalent.

The comparison experiments of the loss functions on HRSID and SAR-Ship-Dataset
are shown in Table 10 and Table 11, respectively.

The loss function used in the original baseline method is the CloU loss function,
while the loss function used in this paper is the Wise IoU loss. We conducted comparative
experiments on the HRSID and SAR-Ship-Dataset, demonstrating the superiority of the
Wise IoU algorithm.

Table 10. Detection results on HRSID.

Method Precision (%) Recall (%) F1 Score (%) AP50 (%) AP50-95 (%)
Baseline (CIoU Loss) 914 86.5 88.9 934 68.1
+Wise IoU Loss 91.4 87.5 89.4 93.8 (+0.4) 69.5

Table 11. Detection results on SAR-Ship-Dataset.

Method Precision (%) Recall (%) F1 Score (%) AP50 (%) AP50-95 (%)
Baseline (CIoU Loss) 90.6 89.8 90.3 94.7 56.1
+Wise IoU Loss 90.7 90.2 90.5 95.0 (+0.3) 56.5

The results from the experiments clearly demonstrate that the use of Wise IoU leads to
improvements in various aspects of object detection on the HRSID and SAR-Ship-Dataset.

5. Conclusions

To sum up, this work introduces an innovative approach for ship detection in SAR
imagery, addressing key challenges faced by existing methods. The proposed SAR Ship
Context Decoupled Head leverages both positioning and semantic information, enhancing
the network’s ability to recognize multi-scale objects with greater accuracy. Also by incorpo-
rating a shuffle attention module and a Wise IoU loss function, the proposed method attains
superior performance in object detection tasks, as demonstrated through extensive exper-
iments on benchmark datasets. These contributions represent significant advancements
in SAR-based ship detection algorithms, with promising implications for applications in
maritime surveillance and security. While our method demonstrates promising results,
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it is worth noting that our proposed method comes with a higher computational cost. In
later studies, we will delve into more lightweight network designs to mitigate this issue.
Additionally, considerations for deploying the network on hardware devices should also
be incorporated into future research efforts.
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Abstract: Most deep learning-based hyperspectral anomaly detection (HAD) methods focus on
modeling or reconstructing the hyperspectral background to obtain residual maps from the original
hyperspectral images. However, these methods typically do not pay enough attention to the spectral
similarity in the complex environment, resulting in inadequate distinction between background and
anomalies. Moreover, some anomalies and background are different objects, but they are sometimes
recognized as the objects with the same spectrum. To address the issues mentioned above, this paper
proposes a Spectrum Difference Enhanced Network (SDENet) for HAD, which employs variational
mapping and Transformer to amplify spectrum differences. The proposed network is based on the
encoder—decoder structure, which contains a CSWin-Transformer encoder, Variational Mapping
Module (VMModule), and CSWin-Transformer decoder. First, the CSWin-Transformer encoder and
decoder are designed to supplement image information by extracting deep and semantic features,
where a cross-shaped window self-attention mechanism is designed to provide strong modeling
capability with minimal computational cost. Second, in order to enhance the spectral difference
characteristics between anomalies and background, a randomly sampling VMModule is presented
for feature space transformation. Finally, all fully connected mapping operations are replaced with
convolutional layers to reduce the model parameters and computational load. The effectiveness of
the proposed SDENet is verified on three datasets, and experimental results show that it achieves
better detection accuracy and lower model complexity compared with existing methods.

Keywords: hyperspectral anomaly detection; variational mapping; Transformer; self-attention

1. Introduction

Hyperspectral images (HSIs) have high spatial and spectral resolution, enabling the
differentiation of objects with similar physical or visual characteristics. However, they
also contain significant redundant information. Hyperspectral anomaly detection (HAD)
aims to identify targets with significant spectral differences from surrounding pixels or
regions without relying on prior knowledge of the targets [1]. Typically, these anomalies
occupy less than 10% of the image, accounting for a small proportion of the image. HAD
has a wide range of real-world applications, including military reconnaissance [2], mineral
exploration [3], land cover classification [4], and precision agriculture [5].

HAD can be classified into two categories: traditional HAD and deep learning-based
HAD. Traditional HAD methods typically extract shallow features and often show poor
performance in complex environments due to the intricate nature of HSIs. In contrast,
deep learning techniques can extract abstract, hierarchical, and semantic features, allowing
for a more accurate representation of the background and anomalies. This capability of
deep learning to extract more complex features has led to its widespread adoption in the
HAD field. Notable deep learning-based methods include the Autonomous Hyperspectral
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Anomaly Detection Network (Auto-AD) [6], the Plug-and-Play Denoising Convolutional
Neural Network Regularized Anomaly Detection (DeCNN-AD) [7], and the Anomaly
Enhancement Transformation Network (AETNet) [8].

However, the deep learning-based methods mentioned above each have their own
drawbacks. High complexity and computational cost can be prohibitive for real-time or
resource-constrained applications. The challenge of spectral similarity—where both back-
ground and anomalies share similar spectral characteristics—persists, making it difficult for
models to differentiate between them. Limited utilization of contextual information in hy-
perspectral data may result in the insufficient exploitation of spatial relationships between
pixels, ultimately affecting detection accuracy. Additionally, feature loss between layers can
lead to the degradation of important details as data pass through the network, negatively
impacting overall performance. These limitations collectively restrict the effectiveness and
efficiency of these models in practical applications.

To address the issues mentioned above, this paper proposes a HAD method based on
the Spectrum Difference Enhanced Network (SDENet). First, the Cross-Shaped Window
(CSWin) Transformer unit [9] is incorporated into the encoder—decoder structure as the
backbone of SDENet. The CSWin Transformer uses a cross-shaped window attention
mechanism to capture local features, aiming to reduce model parameters while effectively
extracting background information. In addition, SDENet emphasizes the spectral dif-
ference between anomalies and background without directly computing this difference.
The Variational Mapping Module (VMModule) transforms feature space into variational
space, where spectrum differences are implicitly amplified. By enhancing the spectrum
separation within the feature space, SDENet overcomes the spectral similarity interference
issue that often hinders accurate detection in hyperspectral images. Second, a Variational
Mapping Module (VMModule) is designed to connect the CSWin Transformer encoder and
decoder. The extracted features from the CSWin Transformer encoder are first randomly
sampled and then mapped from feature space to variational space, enhancing the differ-
ences between background and anomaly features, thereby precisely addressing the spectral
similarity interference issue. Moreover, skip connections with convolutional operations are
utilized in the encoder—decoder structures of SDENet to supplement semantic information.
Finally, convolutional layers are used instead of fully connected layers, which helps to
improve computational speed and reduce the number of model parameters.

The main contributions of this paper are summarized as follows:

(1) A CSWin Transformer-based encoder and decoder are designed to integrate the CSWin
Transformer into the encoder—decoder structure, which can capture more semantic
features and reduce the information loss during background reconstruction.

(2) A VMModule is proposed to transform the features extracted from the CSWin Trans-
former encoder into the variational space, which can increase the difference between
anomalies and the background.

2. Related Work
2.1. Hyperspectral Anomaly Detection Method

HAD seeks to extract anomalies from the background without prior knowledge of
the target anomalies. Since anomalies typically make up only a small portion of the HSI,
most of the image consists of background information. Modeling anomalies directly is
challenging and often leads to inefficiencies and suboptimal performance. As a result,
algorithms that focus on accurately reconstructing the background have been developed to
enhance anomaly detection.

In traditional anomaly detection techniques, the Reed—Xiaoli (RX) algorithm [10]
models the background information as a Gaussian distribution and identifies anomalous
pixels by calculating the Mahalanobis distance between the pixel to be identified and
the background distribution. The RX algorithm has a low computational cost and can
identify most anomalous targets, making it a benchmark reference method for HAD tests.
However, due to the disparity in the proportion of background and anomalies in hyperspec-
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tral data, statistical methods cannot effectively separate anomalies from the background.
Therefore, methods like background joint sparse representation (BJSR) [11] have been
developed, which constructs an over-complete dictionary for background detection from a
representation perspective.

To better separate background and anomalies, some researchers have proposed using
tensor decomposition techniques. Additionally, the spectral similarity between anomalies
and their surrounding background often complicates detection. Therefore, certain studies
have suggested transforming data distribution from the feature space to the variational
space to increase the dissimilarity between background and anomalies, thereby improving
detection effectiveness. As early as 2014, Zhang et al. demonstrated a similar view with
the Low-Rank and Sparse Matrix Decomposition (LRaSMD) technique [12]. The LRaSMD
technique posits that the background scene has low-rank characteristics, while anoma-
lies have sparse distribution in the image, converting the anomaly detection task into a
convex optimization problem. The Collaborative-Representation-based Detector (CRD)
algorithm [13] proposed by Li et al. also demonstrated similar ideas, where each pixel in
the background can be approximated by other adjacent pixels in the same space, while
anomaly pixels cannot. Xu et al., with their Low-Rank and Sparse Representation (LRASR)
algorithm [14], separated anomalies by constructing a background dictionary. All back-
ground pixels can be approximated by the background dictionary, and the representation
coefficients of all pixels can form a low-rank matrix, modeling background information
with low-rank representation to achieve background separation.

However, the methods mentioned above are based on traditional techniques and lack
the ability to extract nonlinear and deep features. In contrast, deep learning-based methods
are able to extract abstract, hierarchical, and deep features in HSIs to better represent the
anomalies and background. The Autonomous Hyperspectral Anomaly Detection Network
(Auto-AD) algorithm [6] uses an autoencoder network with skip connections to obtain deep
features to compensate for information loss caused by model layers. The Plug-and-Play
Denoising Convolutional Neural Network Regularized Anomaly Detection (DeCNN-AD)
algorithm [7] combines background dictionary construction with a Convolutional Neural
Network (CNN) to enhance dictionary expression capabilities. Recently, in the Anomaly
Enhancement Transformation (AETNet) algorithm [8], Li et al. introduced the Swin-
Transformer structure [15] into HAD tasks. The AETNet algorithm uses a random masking
technique to enhance the network’s feature acquisition ability, extracting spatial context
features to compensate for information loss.

2.2. Vision Transformer

Initially, the Transformer is a model designed for Natural Language Processing
(NLP) [16], but its excellent performance has led to its application in other fields. The
Transformer is a sequence transduction model entirely based on attention [17], using a
multi-head self-attention mechanism to replace the recurrent layers commonly used in
encoder—decoder architectures. The Transformer consists of an encoder and a decoder, each
made up of six encoder blocks and decoder blocks, respectively. When a sentence is input,
the Transformer generates an embedding for each word alongside its positional embedding,
combining these to form a comprehensive representation vector for each word. The word
embedding represents the word’s data information, which can be obtained during pre-
training or training. The positional embedding represents the relative or absolute position
information of the word in the sentence, calculated through a formula. As the Transformer
saw increasingly widespread use, the Vision Transformer (ViT) [18] was proposed in 2020
and applied to the field of image classification. Due to its simple architecture, effective
classification performance, and excellent portability, it has become the benchmark model
for using Transformers in image processing.
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PEMb i) = sin(pos/10000%/4) (1)

PEmb (pos0i11) = cos(pos/10000%/4) (2)

PEmb represents the positional embedding information, pos indicates the word’s
position in the sentence, d represents the dimension of PEmb, 2i represents the even
dimensions, and 2i 4 1 represents the odd dimensions. Next, the representation vectors
obtained by the six encoder blocks are combined to form an encoding information matrix,
which is then sent to the decoder. The decoder infers the next word based on the currently
translated words until the entire sentence is translated.

ViT treats each image patch as a token, similar to words in a sentence. Each patch
is assigned a positional embedding, establishing spatial context within the image. The
network then applies random masking to the combination of patches and their positional
embeddings, preserving essential spatial relationships while processing each patch. The
patches and positional embeddings are then sent to the Transformer encoder to infer the
next patch of the positional embedding until all patches are inferred. Finally, the patches
are combined according to the positional embeddings to achieve classification. ViT has
demonstrated excellent performance, using only the encoder from the Transformer as the
classification network. This has prompted many researchers to apply ViT to various image
processing tasks.

In studies on applying ViT to HAD, Xu et al. [19] presented a hyperspectral anomaly
detector using a ViT with an adversarial strategy. This approach suppresses the recon-
struction of anomalies and refines the detection results based on suppressed images.
Ning et al. [20] proposed a unified detector (AUD-Net) inspired by few-shot learning,
which generalizes across different HSIs through relation learning and uses a pooling layer
to manage varying spectral sizes. Their Transformer-based memory model integrates
contextual relation embeddings for anomaly detection. Wang et al. [21] presented a self-
supervised HAD method using Finite Spatialwise Attention (FSA), with its core being the
Self-Supervised HAD transFormer (SSHADFormer). This method reconstructs background
HSIs from RGB images, enhancing semantic guidance and anomaly detection effectiveness.
The FSA mechanism enlarges distinction between background and anomalies by mining
the cluster structure of the background spectrum.

2.3. Variational Auto-Encoder Network

An autoencoder structure consists of two symmetrical parts: an encoder and a decoder.
Data are passed through the encoder to the middle layer, where it is represented as latent
features of expected values. However, using only the latent vectors or parameters from the
middle layer makes it challenging to approximate and learn complex data distributions
accurately. For instance, in object detection [22], features such as the blue sky, white clouds,
and houses in a landscape painting need to be recognized by the network model. While an
autoencoder might represent these features with specific values like 1, 2, and 3, the intensity
of the blue sky;, its size, and the color and dimensions of the house cannot be explicitly
represented. This is where the Variational AutoEncoder (VAE) [23] comes into play.

In a VAE, the middle layer no longer directly uses the encoder’s output as expected
values. Instead, it uses probability values from multiple probability distribution spaces
to represent the features in the middle layer. The VAE employs encoder and decoder
networks to establish probabilistic models that represent data distributions. Through
variational inference, the encoder maps the original data features to a probability distri-
bution of latent vectors in the hidden layer, allowing for a more nuanced and expressive
feature representation.
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Wei et al. [24] proposed a Graph Regularized Variational AutoEncoder (GRVAE) in
HAD tasks in which a variational autoencoder is used to reconstruct the spectral vector
of the HSI. Zhang et al. [25] presented a 3D-Convolutional Variational AutoEncoder (3D-
CVAE) whose encoder extracts the spectral-spatial features that are used to reconstruct
the background. Anomalies are identified by the Reed—Xiaoli (RX) detector by the residual
between the original input and the reconstructed background. Jiang et al. [26] proposed
a Manifold constrained Multi-head Self-attention Variational AutoEncoder (MMS-VAE)
method. It uses a manifold learning strategy to learn the embedded manifold to main-
tain the internal structure of the hyperspectral data. Multi-head self-attention captures
context-related information. Anomalies are detected by considering both global and local
reconstruction errors.

3. Method

The structure of the proposed SDENet is shown in Figure 1, which includes two
primary modules: the CSWin Transformer-based encoder and decoder and the VMMod-
ule. The CSWin Transformer serves as the backbone of SDENet, enabling the extraction
of more semantic features, minimizing information loss, and optimizing model param-
eters during background reconstruction. The VMModule is designed for feature space
transformation between the encoder and the decoder, mapping the feature space into a
variational space. This enhances the expression of the background, facilitating background
reconstruction. The proposed method aims to ensure the effectiveness in the complex tasks
by considering spectral similarity and the issue that the different objects are recognized as
the same spectrum.

Convolution layer Q Downsampling Q Upsampling @ Feature concatenation DN Linear layer )\/08:8 Multilayer Perceptron
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Figure 1. The structure of the Spectrum Difference Enhanced Network.
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3.1. CSWin-Transformer-Based Encoder and Decoder
3.1.1. CSWin Block

The CSWin block is the main component of both the encoder and the decoder. It
includes a linear layer (LN), cross-shaped window self-attention mechanism, multilayer
perceptron (MLP), and feature addition operations. The structure of the CSWin block is
shown in the lower-right part of Figure 1.

Typically, LN in the Transformer structure is composed of fully connected layers.
However, for hyperspectral data with extensive spectral information, this can impose a
significant computational burden. To enhance computational efficiency, this paper incor-
porates the Convolutional vision Transformer (CvT) structure proposed by Wu et al. [27],
introducing convolution operations into the CSWin block to replace all linear layers. Con-
volutional layers are used in place of upsampling and downsampling operations in the
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encoder and decoder to improve spatial feature extraction. Furthermore, the depth of the
MLP layer is reduced from four to two layers to avoid excessive parameters and mitigate
model redundancy.

In the classic Transformer structure, attention computation is performed over the entire
image. However, for hyperspectral data with hundreds of spectral channels, this approach
results in high computational costs. Therefore, the cross-shaped window self-attention
mechanism does not use the traditional attention calculation method but instead employs
a sliding cross-shaped window approach. This reduces the complexity and computational
cost by computing multi-scale features and considering the spectral similarity of local
background information, thus extracting more accurate land cover distribution information.

For hyperspectral data of size C x H x W (where C, H, and W represent depth, height,
and width), denoted as X, first, input X into the cross-shaped window self-attention
(CSWS). Here, X is defined as follows:

X = [Xl, ...... ,XC}. 3)

Then, the attention of the sliding window is calculated vertically and horizontally for
feature stitching to form the cross-shaped attention mechanism Atfcgys, as follows:

Att,(X) = [Att(Xlwl), ...... ,Att(X“W“)} @)
Att(X) = {Att(xlwl), ...... ,Att(XbWb)} ®)
Attcsws(X) = concat[Attz(X),...... , Attp(X)] (6)

where Att denotes the attention calculation. Att, represents vertical attention. Att; repre-
sents horizontal attention. a and b denote the width and height of the attention window.
The CSWin block can be defined as follows:

X' = Attcsws(LN(X;-1) + Xi-1) + X1 @

X; = MLP(LN(X")) + X (8)

where X' represents the features after the first feature addition of the i-th layer. Xi denotes
the output of the CSWin block for the i-th layer or the convolution for the upper layer.

3.1.2. CSWin-Transformer Based Encoder

The encoder consists of convolutional layers, two CSWin blocks, and two down-
sampling layers. To ensure the consistency of input data channels, the kernel size of the
convolutional layer is set to (3, 3) and the stride size to (1, 1). Traditional deep learning
methods typically use fully connected layers for self-supervised learning at the spectral
level, which can lead to a loss of spatial information. To better capture spatial information
while changing feature dimensions, the encoder uses 2D convolution (Conv2d) for down-
sampling instead of channel transformation. The kernel size is set to (4, 4), the stride size to
(2, 2), and the padding to (1, 1).

3.1.3. CSWin-Transformer Based Decoder

The decoder comprises convolutional layers, two CSWin blocks, and two upsam-
pling layers. The convolutional layers and CSWin blocks in the decoder share the same
parameter settings as those in the encoder, ensuring consistency in feature extraction. To
efficiently increase spatial resolution while minimizing information loss, a 2D transposed
convolution layer with a kernel size of (2, 2) and a stride size of (2, 2) is employed during
upsampling.Unlike the encoder, the decoder processes data in a non-sequential manner by
concatenating its intermediate outputs with the corresponding outputs from the CSWin
blocks in the encoder. This skip connection mechanism helps preserve spatial and semantic
information, improving the reconstruction quality. After feature concatenation, to align

29



Remote Sens. 2024, 16, 4518

the number of channels between the concatenated features and the upsampled features, a
convolution layer with a kernel size and stride size of (1, 1) is applied, ensuring efficient
channel-wise integration.

3.1.4. Variational Mapping Module

This paper integrates the CSWin-Transformer structure into the autoencoder recon-
struction network. However, when dealing with cases of high spectral similarity and small
anomalies, this strategy does not perform ideally. Based on the idea of collaborative repre-
sentation methods, elements in the background can be represented by the collaborative
representation of other surrounding elements, whereas anomalies cannot.

To address these challenges, a VMModule is designed and integrated into the hidden
layer of the variational autoencoder network, converting feature representations from
expected values into probability distributions. This VMModule transforms the feature
space, enhancing feature expression and increasing the distinction between background
and anomalies, as illustrated in the upper-right corner of Figure 1.

Since different feature spaces result in varied feature distributions, the VMModule
alters the overall background distribution to achieve feature space transformation. For
the input background data F;, ([Fy, B, ...... , Fu]), it is transformed into the distribution
N(F;,,0(F;,;)) through a fully connected layer mapping. Here, F;, represents the mean of
F;,, and o (F;, ) represents the variance of Fj,.

Both the encoder and decoder structures are deep nonlinear networks. As the com-
plexity of the network structure increases, the autoencoder can achieve more effective
dimensionality reduction while maintaining low reconstruction loss. Theoretically, by
reducing the feature dimensions with the encoder and then increasing them with the
decoder, an almost-lossless reconstructed image can be obtained. However, such a high-
degree-of-freedom autoencoder structure is prone to overfitting, potentially leading to an
over-matching of the training data in practical applications.

Furthermore, the purpose of dimensionality reduction in the autoencoder structure
is not merely to enhance the encoder’s reconstruction capability, but to retain the main
structural information of the features in a concise representation while reducing dimensions.
In HAD tasks, the dimensionality reduction capability of the autoencoder should be aimed
at extracting the primary features of the background and anomalies to the maximum extent,
rather than precisely reconstructing the original data.

To address these issues, the random normal distribution is introduced as noise into
the feature distribution P(F;,, 0(F;,)) in the variational space to avoid model overfitting.
Since background information constitutes the majority in hyperspectral data, this approach
also ensures that the data generated in the variational space better conform to the back-
ground. The calculation process of the VMModule is as follows: the mean F;, and variance
o (Fj,) of the input background data F;,, correspond to the theoretical feature distribution
P(F;,,0(F;;)). During each training process, a normal distribution N(0,1) is randomly
sampled as noise, added to the feature distribution of F;,;, as shown in the following
Equation (9):

P = Y7 (EXP(03) x N(0,1) + Fy.) ©)

where EXP is the natural exponential function.
Finally, F is mapped to the feature space to obtain the module output F,;;, ensuring
the consistency of the channel count. The specific formula is as follows:

Fout = LN(F). (10)
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3.2. Loss Function

The background reconstruction network aims to explore the spectral differences be-
tween anomalous targets and background pixels, rather than merely focusing on spectral
reconstruction accuracy. Excessive reconstruction accuracy may lead to the misreconstruc-
tion of some anomalous targets. Therefore, multiple scales of gradients are considered
to measure similarity. The reconstruction loss function Lygs for the hyperspectral re-
mote sensing image data X and the reconstructed background X can be calculated using
Equation (11).

Hy Wy

) Z — GMS, (X", X™)). (11)

a=1b=

1 S
Lycs = =
MGS [ ; Han

In Equation (11), S represents the number of scales of the reconstructed background,
and H,, and W, denote the height and width of the image at the n-th scale. GMS is the
multi-scale gradient similarity, and 2 and b represent the height and width of the current
pixel coordinates. The calculation process for GMS is shown in Equation (12). To obtain
more accurate gradient magnitude values, a 3 x 3 Sobel filter is used from horizontal,
vertical, and diagonal dimensions, as shown in Equations (13) and (14).

noony ZGxG)A(+C
GMS, (X", X") = Cl+Glie v (12)
Gx = /(X" @522 + (X" @ 5y + (X" @ 521)? + (X" @ s522)? (13)
Gy = /(R @sx)2 + (87 @ 5y)2 + (R0 @ 521)2 + (X" @ 5202, (14)

In Equations (12)—(14), G represents the gradient magnitude, and c is a constant set
to 0.1 to ensure numerical stability during the calculation. (¥) denotes the convolution
operation. sy, Sy, Sz1, and s, represent the Sobel filters along the x-dimension, y-dimension,
and 45° and 135° diagonals, respectively.

3.3. SDENet Training and Anomaly Detection Workflow

During the training phase, the Adam optimizer is used to optimize the iterative process
of SDENet, with an initial learning rate set to 5e-6. The dimension of the hidden layer in
SDENet is set to 32, and the rationale for this parameter setting is discussed in Section 4.4.
The maximum number of training epochs is set to 1000, with early stopping as an option.

First, the hyperspectral remote sensing image data X is fed into SDENet to obtain
the reconstructed background X. Second, the anomaly score, Score, is calculated using
Mahalanobis distance [28]. Third, it is determined whether Score is greater than the
maximum anomaly score MaxScore. If so, Score is assigned to MaxScore and Count is reset;
otherwise, Count is incremented by 1. The iteration stops when the maximum number
of training epochs is reached or the anomaly score does not improve for 30 consecutive
epochs. In other words, if Count is greater than or equal to 30, the iteration stops, and the
optimal SDENet model is obtained. Finally, in the fourth step, the SDENet model is used
to obtain the reconstructed background X and combined with the original input X, and
the anomaly detection result map is obtained by using Mahalanobis distance [28]. The
hyperspectral anomaly detection process based on SDENet is shown in Algorithm 1.
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Algorithm 1 The process of HAD based on SDENet.

Input:

*  Hyperspectral remote sensing image data X.
Initialization:

e Optimizer is Adam with a learning rate of 5e-6.
e Hidden layer dimension is 32.

®  Loss function refers to Equation (11).

¢ Maximum training epochs is 1000.

L]

Initial maximum anomaly score MaxScore and counter Count are both set to 0.
Steps:
1.  Input X into SDENet to obtain the reconstructed background X.

2. Calculate the anomaly score (Score) between X and X using the Mahalanobis dis-
tance [28].
3. If Score > MaxScore:
MaxScore = Score

Count =0
Else:
Count ++

Until: the number of training epochs reaches 1000 or Count is greater than or equal to
30 to obtain the optimal SDENet model.

4. Use the optimal SDENet model to obtain the reconstructed background X. Then,
combine with the original input X to calculate the anomaly detection result map using
the Mahalanobis distance [28].

Output:

*  Anomaly detection result map.
e  The area under the curve (AUC) value.

4. Experiments and Analysis
4.1. Datasets

In HAD tasks, real datasets captured by sensors and synthetic hyperspectral datasets
can both be used. To ensure the applicability of the algorithm discussed in this paper,
open-source real datasets are selected for the experiments. Below is a brief introduction to
the three real datasets used and the evaluation metric employed.

4.1.1. Airplanel Dataset

This dataset comprises Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) data
captured over a specific area in San Diego, CA, USA. The spatial resolution of this data is
20 meters, and the spectral resolution is 10 nanometers, with a spectral wavelength range of
370 to 2510 nanometers. The spatial dimensions are 64 x 64, with 224 spectral bands. After
removing poor or noisy bands, 189 spectral bands are retained. In the image, three airplanes
are classified as anomalies, while other ground features are considered background. The
visualized image of this data and its corresponding ground truth labels are shown in Figure 2.
In the sub figure (b) of Figure 2, the blue regions represent the background, while the
yellow regions indicate anomalies.
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(a) (b)

Figure 2. (a) The Airplanel dataset. (b) The ground truth.

4.1.2. HYDICE1 Dataset

This dataset comprises Hyperspectral Digital Imagery Collection Experiment (HY-
DICE) urban data collected by an airborne sensor. It has spatial dimensions of 64 x 64 pixels
and includes 210 spectral bands with wavelengths ranging from 400 to 2500 nanometers.
After removing low signal-to-noise ratio bands and water absorption bands, 162 effective
bands remain. In the dataset, man-made objects such as cars and rooftops are considered
anomalies, while other ground features serve as the background. The visualized image of
these data and its corresponding labels are shown in Figure 3. In the sub figure (b) of Figure
3, the blue regions represent the background, while the yellow regions indicate anomalies.

(®)

Figure 3. (a) The HYDICEI dataset. (b) The ground truth.

4.1.3. Salinas1 Dataset

This dataset consists of Salinas scene data captured by the AVIRIS sensor over the
Salinas Valley in California, USA. The image has spatial dimensions of 64 x 64 pixels
and contains 224 spectral bands. Vegetables, vineyard fields, and bare soil in the Salinas
scene are considered anomalies, while other ground features are regarded as background.
The visualized image of the Salinas scene data and its corresponding ground truth labels
are shown in Figure 4. In the sub figure (b) of Figure 4, the blue regions represent the
background, while the yellow regions indicate anomalies.
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(a) (b)

Figure 4. (a) The Salinasl dataset. (b) The ground truth.

4.2. Evaluation Criteria

We use the area under the curve (AUC) metric to compare the detection performances

of different anomaly detection methods on the three datasets. The AUC of the receiver
operating characteristic (ROC) curve is the most widely used evaluation tool in HAD
tasks, providing a direct and quantitative measure of the algorithm’s performance. A
higher AUC value indicates better performance, with values close to 1 representing the
best test performance.

4.3. Comparison with States of the Arts

To validate the effectiveness of the proposed SDENet on three hyperspectral datasets,

seven other methods are used for comparison. The comparison methods are listed as follows:

Auto-AD: The Autonomous Hyperspectral Anomaly Detection Network (Auto-AD) [6]
uses a fully convolutional autoencoder with skip connections and an adaptive-weighted
loss function to reconstruct the background and increase the contrast between anomalies
and the background.

DeCNN-AD: DeCNN-AD [7] utilizes a plug-and-play prior for representation coeffi-
cients and a CNN denoiser to leverage spatial correlation, constructing a background
dictionary based on clustering to exclude anomalous pixels.

FEBPAD: The feature extraction and background purification anomaly detection (FEB-
PAD) [29] method integrates fractional Fourier transform (FrFT) with row-constrained
low rank and sparse matrix decomposition (RC-LRaSMD) for HAD by extracting
features, separating background from noise and anomalies, and constructing a back-
ground covariance matrix for detection.

LRSNCR: Low-Rank and Sparse Matrix Decomposition (LRSNCR) [30] enhances
traditional RPCA by using non-convex regularization with Weighted Nuclear Norm
Minimization (WNNM) and Capped ¢, ;-norm.

RGAE: Robust graph AE (RGAE) [31] integrates a robust autoencoder framework
with an /5 ;-norm and a superpixel segmentation-based graph regularization term
(SuperGraph) to resist noise and anomalies and maintain the geometric structure and
spatial consistency of HSIs. The method distinguishes anomalies from the background
while preserving essential spatial relationships.

AETNet: AETNet [8] introduces a general anomaly enhancement network trained once
on anomaly-free HSIs with random masks, learning spatial context characteristics and
utilizing a plug-and-play model selection module to find the optimal spatial-spectral
transform domain.

GT-HAD: The Gated Transformer Network for HAD (GT-HAD) [32] leverages spa-
tial-spectral similarity to effectively distinguish between background and anomalies
by using dual-branch modeling with content similarity constraints and an adaptive

34



Remote Sens. 2024, 16, 4518

gating unit for dynamic activation, further enhanced by a Content-Matching Method
(CMM) to regulate the activation states of the branches.

From a qualitative perspective, the results of each algorithm on the three datasets
are visualized to directly observe their anomaly detection performance. The anomaly
detection results of eight algorithms on the Airplanel dataset are shown in Figure 5.
Three airplanes are considered anomalies, while buildings, land, and other ground objects
are considered background.The ground truth for the Airplanel dataset is presented in
Figure 5i. In Figure 5c¢, it is evident that the FEBPAD algorithm does not perform well in
distinguishing between anomalies and background in the Airplanel data, failing to separate
or enhance the differences between anomalies and background effectively. In Figure 5b and
Figure 5d, in comparison, the DeCNNAD and LRSNCR algorithms show better pixel-level
anomaly detection, but they have a high false detection rate, with some background being
incorrectly identified as anomalies in the detection results. In Figure 5a, it can be seen that
the Auto-AD algorithm does not handle the contour and line information in the background
well. Although it does not mistake large areas of the background for anomalies, it scores
lower on contour information than the background. The detection results of the RGAE
algorithm Figure 5e significantly suppress the background but do not highlight the anomaly
information. From Figure 5f, Figure 5g, and Figure 5h, it can be seen that the AETNet,
GT-HAD, and SDENet algorithms suppress background information more effectively.
However, AETNet does not intuitively detect the middle airplane anomaly target. Despite
unavoidable pixel interference, the proposed SDENet algorithm demonstrates its ability to
enhance the distinction between anomalies and background by suppressing background
information, thereby playing a more intuitive role in anomaly detection.

Figure 5. The visualization of anomaly detection results on the Airportl dataset: (a) Auto-AD,
(b) DeCNNAD, (c) FEBPAD, (d) LRSNCR, (e) RGAE, (f) AETNet, (g) GT-HAD, (h) SDENet (Ours),
and (i) the ground truth.

The anomaly detection results of eight algorithms on the HYDICE1 dataset are shown
in Figure 6. Two cars on the road are considered anomalies, while other objects such as
roads, land, and buildings are considered background. The ground truth for the HYDICE1
data is presented in Figure 6i. Algorithms such as Auto-AD, RGAE, AETNet, and GT-HAD,
which performed well on the Airplanel dataset, fail to accurately detect anomalies in the
HYDICELI dataset, often misidentifying much of the nearby background as anomalies.
Analyzing the implementation processes of these algorithms reveals that they all involve
deep convolutional layer network structures. The sliding operation of convolutional
kernels tends to favor the extraction of local information, potentially overlooking global
information, resulting in the subpar detection of smaller anomalous targets. The LRSNCR
algorithm primarily uses component analysis methods to distinguish anomalies from the
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background and is not affected in this manner, but it does not suppress the background,
which is treated as the main component in HAD. In contrast, the DeCNNAD, FEBPAD,
and SDENet algorithms show better detection performance. DeCNNAD and FEBPAD
use shallow convolution operations to extract features, while the SDENet algorithm uses
cross-shaped window attention to extract features in two dimensions, effectively replacing
the use of global features. Although there are still some instances where background
anomalies receive higher scores, the two anomaly targets are also enhanced, making them
easier to detect.

(a) (®) © (G O]
® (2 () @

Figure 6. The visualization of anomaly detection results on the HYDICE1 dataset: (a) Auto-AD,
(b) DeCNNAD, (c) FEBPAD, (d) LRSNCR, (e) RGAE, (f) AETNet, (g) GT-HAD, (h) SDENet (Ours),
and (i) the ground truth.

The anomaly detection results of eight algorithms on the Salinas1 dataset are shown in
Figure 7. In this dataset, vegetables, vineyard fields, and bare soil are considered anomalies,
while other objects are considered background. The ground truth for the Salinasl data
is presented in Figure 7i. In the detection results of the Auto-AD and RGAE algorithms,
although small and randomly distributed anomalies are detected, large areas of land
are incorrectly identified as anomalies, significantly affecting the detection performance.
The DeCNNAD and LRSNCR algorithms perform slightly better but still fail to clearly
distinguish between anomalies and background. FEBPAD has the clearest anomaly scores,
but like the AETNet algorithm, it is overly sensitive to background contours, erroneously
detecting field edges and other background elements as anomalies. In contrast, the GT-
HAD and SDENet algorithms can detect the anomaly targets with only a few high-score
background pixels. Overall, SDENet achieves the best detection performance for both block
and point anomalies across the three datasets.

From a quantitative perspective, the effectiveness of eight algorithms for HAD and
the proposed SDENet algorithm is validated using AUC values on the Airplanel, HY-
DICE1, and Salinasl datasets. As shown in Table 1, the proposed SDENet algorithm
achieves the highest average AUC values, with scores of 0.9899, 0.9994, and 0.9597 on the
respective datasets. SDENet performs well in handling different types of anomalous target
distributions, whether the anomalies are block-distributed as in the Airplanel dataset or
point-distributed as in the HYDICE1 and Salinas1 datasets. The AUC values on all three
datasets are above 0.95. Specifically, in processing the Salinas1 dataset, SDENet signifi-
cantly enhances the differentiation between anomaly and background scores, effectively
distinguishing anomalies even in contour and edge pixels, which is crucial for HAD tasks.
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Figure 7. The visualization of anomaly detection results on the Salinas1 dataset: (a) Auto-AD,
(b) DeCNNAD, (c) FEBPAD, (d) LRSNCR, (e) RGAE, (f) AETNet, (g) GT-HAD, (h) SDENet (Ours),
and (i) the ground truth.

Table 1. The AUC values for the three datasets on the comparison methods.

Dataset Airplanel HYDICE1 Salinas1 Avg AUC
Auto-AD 0.9858 0.9534 0.9405 0.9599
DeCNNAD 0.9934 0.9990 0.7504 0.9143
FEBPAD 0.9563 1.0000 0.9756 0.9773
LRSNCR 0.9936 0.9980 0.9563 0.9826
RGAE 0.9901 0.9183 0.7843 0.8976
AETNet 0.9892 0.9986 0.8657 0.9509
GT-HAD 0.9849 0.9535 0.9896 0.9760
SDENet (ours) 0.9899 0.9994 0.9597 0.9830

4.4. Algorithm Time Cost

To evaluate the performance of the proposed SDENet algorithm compared with the other
seven algorithms, this section conducts experiments to measure their time overhead. Table 2
shows the time overhead for anomaly detection on the three datasets.

According to Table 2, the detection times of the SDENet algorithm on the three
datasets are 4.90, 4.93, and 5.40 s, respectively. In comparison, algorithms such as Auto-AD,
DeCNNAD, and RGAE involve training and testing processes, so their time overhead
includes both training and inference times. Therefore, when comparing these algorithms,
only the anomaly detection inference time is considered. Among these algorithms, SDENet
has the lowest average time on the three datasets, indicating that SDENet has an advantage
in terms of time overhead compared with the other algorithms.

Table 2. The time overhead of different methods on three datasets (in seconds).

Method Airplanel HYDICE1 Salinasl Avg Time
Auto-AD 55.93 59.34 61.51 58.93
DeCNNAD 28.88 27.67 57.77 38.11
FEBPAD 5.61 491 6.48 5.67
LRSNCR 9.00 10.02 16.47 11.83
RGAE 217.73 201.80 243.48 221.01
AETNet 5.22 4.99 10.62 6.94
GT-HAD 25.20 18.42 20.73 21.45
SDENet (ours) 4.90 493 5.40 5.08
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4.5. Parameter Setup

To ensure that the encoder and decoder effectively extract and retain the main fea-
ture information of hyperspectral data during the feature compression and restoration
process, experiments are designed to explore the appropriate dimension of the hidden
layer between the encoder and the decoder. SDENet is tested on the Airplanel, HYDICEI,
and Salinas] datasets, and the results are analyzed to determine the optimal hidden layer
dimension setting.

Figure 8 shows the AUC values for anomaly detection using SDENet with different
dimensions of the hidden layer. Blue, red, and green represent the experimental results
when the latent dimension (latent dim) is 16, 32, and 64, respectively.

1 T

I [atent dim=16

I atent dim=32

0.98 [ iatent dim=64
0.96
0.94
0.92
0.9
0.88

Airplanel HYDICELI Salinas]

Figure 8. Anomaly detection results of SDENet on three datasets with varying latent dimensions.

On the Airplanel dataset, as the latent dim increased, the AUC values for anomaly
detection reached 0.9878, 0.9899, and 0.9843, respectively. By treating the latent dim as
the independent variable and the AUC value as the dependent variable, the AUC exhibits
an initial increase followed by a decrease, resembling a convex function. Based on the
properties of continuous curves, where the derivative between two points can change
from positive to negative, there must be a maximum within the interval [16, 64]. Since the
derivative is positive at a latent dim of 16 and negative at 32, the maximum occurs within
this range. Given that the latent dim values are powers of two, the optimal value is 32,
yielding the best anomaly detection performance.

In the Salinas1 dataset, the AUC values are 0.9562, 0.9597, and 0.8922 for latent dim
values of 16, 32, and 64, respectively. Similar to the Airplanel dataset, the AUC follows a
convex trend, with the optimal performance at a latent dim of 32.

For the HYDICE1 dataset, as the latent dim increases, the AUC values are 0.9990,
0.9994, and 0.9997, respectively. Unlike the other datasets, the function is increasing across
the interval [16, 64], indicating no extremum or maximum.

Based on the analysis of the anomaly detection performance on the datasets, the AUC
values in the Airplanel, HYDICEI], and Salinas1 datasets when the network’s latent dim is
16, 32, and 64, respectively, are shown in Table 3.
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Table 3. AUC values of SDENet on three datasets with varying latent dimensions (latent dim).

Dataset Latent Dim =16 Latent Dim = 32 Latent Dim = 64
Airplanel 0.9878 0.9899 0.9843
HYDICE1 0.9990 0.9994 0.9997
Salinas1 0.9562 0.9597 0.8922
Average AUC 0.9810 0.9830 0.9587

When the latent dim is set to 16, 32, and 64, the average AUC values across the three
datasets are 0.9810, 0.9830, and 0.9587, respectively. As the latent dim changes, the average
AUC follows a convex trend. Thus, it can be concluded that the optimal latent dim for
SDENet is 32, providing the best overall anomaly detection performance across the datasets.

4.6. Ablation Study

This section involves a series of experiments to verify the impact of the innovative
modules in the SDENet algorithm on HAD tasks. These experiments include designs where
innovative modules are removed or replaced to assess their effect on algorithm performance.

4.6.1. Effectiveness of CSWin Block

First, we replace the CSWin block in the background reconstruction network based on
variational mapping and Transformer to verify its impact on the anomaly detection task.
Keeping the network structure unchanged, the CSWin block is replaced with the Swin block
from the Swin Transformer network structure, noted as “SDENet wo CSWin”. The cut
Airplanel, HYDICE], and Salinas1 datasets are used as network inputs. The experimental
results are shown in Figure 9. The SDENet wo CSWin algorithm is shown in blue, and the
SDENet algorithm is shown in red.

The AUC values of the SDENet wo CSWin algorithm on the Airplanel, HYDICEI,
and Salinas1 datasets are 0.9892, 0.9986, and 0.8657, respectively. The SDENet algorithm
achieves AUC values of 0.9899, 0.9994, and 0.9597 on the three datasets. It can be observed
that after replacing the CSWin block, the AUC values of the SDENet algorithm (SDENet wo
CSWin) decreased by 0.0007, 0.0008, and 0.0940 on the three datasets, respectively. Although
both the CSWin block and the Swin block are Transformer structures, the results show that
the cross-shaped window attention mechanism in the CSWin block is more suitable for
HAD tasks. Especially on the Salinas1 dataset, the detection effect is more significant. This
proves that the CSWin block has a stronger detection capability for handling small and
randomly distributed anomalous targets.

4.6.2. Effectiveness of the VMModule

Next, we replace the VMModule to verify its effectiveness. Keeping the network
structure unchanged, the VMModule is replaced with a CSWin block, noted as “SDENet
wo VMModule”. The Airplanel, HYDICE1, and Salinas] datasets are still used as inputs,
and the results are shown in Figure 10. The SDENet wo VMModule algorithm is shown in
blue, and the SDENet algorithm is shown in red.

The AUC values of the SDENet wo VMModule algorithm for anomaly detection on the
Airplanel, HYDICE1, and Salinas1 datasets are 0.9814, 0.9991, and 0.9232, respectively. The
SDENet algorithm achieves AUC values of 0.9899, 0.9994, and 0.9597 on the three datasets.
Replacing the VMModule with the CSWin block in the SDENet wo VMModule algorithm
results in AUC values decreasing by 0.0085, 0.0003, and 0.0365 on the three datasets,
respectively. Notably, even in the SDENet wo VMModule algorithm, the AUC values
for anomaly detection on the three datasets still reach above 0.92. However, replacing
the VMModule allows the SDENet algorithm to further improve the AUC values by
3 percentage points on each dataset. This indicates that the VMModule provides a stable
improvement in the expression ability of anomalies after feature space transformation,
enhancing the final anomaly detection effect.
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Figure 9. AUC values of SDENet wo CSWin and SDENet algorithms on three datasets.
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Figure 10. AUC values of SDENet wo VMModule and SDENet algorithms on three datasets.

4.7. Model Complexity Evaluation

To evaluate the complexity of the models, this paper analyzes the Floating Point
Operations (FLOPs) and the number of parameters (Params) of the network models before
and after the ablation of the innovative modules. As shown in Table 4, FLOPs represent
the total number of floating point operations in the network model, which approximately
indicates the overall computational load. For the same task, a lower computational load
signifies a more streamlined and efficient network. Params indicate the total number of
parameters in the current network model. Fewer parameters mean less hardware resource
usage and lower dependency on hardware devices.
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Table 4. FLOPs and Params of algorithms in ablation experiments.

Parameters SDENet wo CSWin  SDENet wo VMModule SDENet
FLOPs 13903.74 8990.47 8363.41
Params (Unit: M) 0.51 0.46 0.34

The FLOPs and Params of the SDENet wo CSWin algorithm are 13,903.74 and 0.51 M,
respectively, while those of the SDENet algorithm are 8363.41 and 0.34 M, respectively.
Clearly, SDENet uses fewer resources, showing lower dependency on the hardware. The
primary reason for this difference lies in the attention mechanism’s calculation methods.
The attention calculation in the SDENet wo CSWin algorithm is based on the weights of
a rectangular sliding window, while the attention calculation in the SDENet algorithm is
based on the weights of a cross-shaped sliding window. For the same bounding rectangle
size, the cross-shaped window requires fewer weight calculations than the rectangular
sliding window, which is the main reason for the increase in FLOPs and Params after
replacing the CSWin block in the SDENet wo CSWin algorithm.

The main difference between the SDENet wo VMModule algorithm and the SDENet
algorithm lies in the CSWin block and the Var-mapping block. The CSWin block is deeper
than the VMModule, and the convolution kernel used in the VMModule is a (1, 1) convolu-
tion layer as the mapping operation. One reason for this design is that convolution layers
can reduce the number of parameters compared with commonly used fully connected
mapping layers. Another reason is that the sliding calculation method of the convolu-
tion kernel is conducive to extracting local features, providing good separation for small
anomaly targets. The FLOPs and Params of SDENet are minimized to 8363.41 and 0.34 M,
respectively, indicating that the algorithm has a low computational cost and can achieve
satisfactory detection results without over-relying on hardware devices.

5. Conclusions

In this paper, we propose a Spectrum Difference Enhanced Network named SDENet
for HAD tasks, which aims to enhance the expression of anomalies and increases the
spectrum difference between anomalies and the background. SDENet consists of a CSWin-
Transformer encoder, a CSWin-Transformer decoder, and a Variational Mapping Module.
The CSWin-Transformer encoder and decoder supplement image information by extracting
deep and semantic features, where a cross-shaped window self-attention mechanism pro-
vides a strong modeling capability with minimal computational cost. A randomly sampling
VMModule enhances the spectral difference characteristics between anomalies and back-
ground through feature space transformation. First, the encoder uses convolutional layers,
CSWin blocks, and downsampling operations to reduce the dimensionality of the data,
obtaining a concise representation that retains the main features. Then, the VMModule
maps the feature space to the variational space, thereby increasing the difference between
anomaly features and background features. Moreover, the decoder reconstructs the back-
ground using a structure composed of convolutional layers, CSWin blocks, and upsampling
operations. The reconstruction process is enhanced by concatenating the features extracted
from the corresponding CSWin blocks in the encoder with the features to be reconstructed.
Finally, the residual map is obtained based on the Mahalanobis distance.

Experiments are conducted on three real-world datasets to compare SDENet with
seven other SOTA methods, including ablation and parameter experiments. On the Air-
planel, HYDICE], and Salinasl datasets, the SDENet algorithm achieves AUC values of
0.9899, 0.9994, and 0.9597, respectively. The average AUC value across these datasets is
0.9830, significantly higher than that of the other methods. Additionally, SDENet achieves
the lowest test inference time, FLOPs, and number of parameters among all the algorithms
tested. In terms of quantitative and qualitative results, inference time, and model complex-
ity, the SDENet algorithm outperforms the others, showcasing its superior performance in
HAD tasks.
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Abstract: Remote sensing cross-modal text-image retrieval constitutes a pivotal component
of multi-modal retrieval in remote sensing, central to which is the process of learning
integrated visual and textual representations. Prior research predominantly emphasized the
overarching characteristics of remote sensing images, or employed attention mechanisms
for meticulous alignment. However, these investigations, to some degree, overlooked the
intricacies inherent in the textual descriptions accompanying remote sensing images. In this
paper, we introduce a novel cross-modal retrieval model, specifically tailored for remote
sensing image-text, leveraging attention correction and filtering mechanisms. The proposed
model is architected around four primary components: an image feature extraction module,
a text feature extraction module, an attention correction module, and an attention filtering
module. Within the image feature extraction module, the Visual Graph Neural Network
(VIG) serves as the principal encoder, augmented by a multi-tiered node feature fusion
mechanism. This ensures a comprehensive understanding of remote sensing images. For
text feature extraction, both the Bidirectional Gated Recurrent Unit (BGRU) and the Graph
Attention Network (GAT) are employed as encoders, furnishing the model with an enriched
understanding of the associated text. The attention correction segment minimizes potential
misalignments in image-text pairings, specifically by modulating attention weightings
in cases where there’s a unique correlation between visual area attributes and textual
descriptors. Concurrently, the attention filtering segment diminishes the influence of
extraneous visual sectors and terms in the image-text matching process, thereby enhancing
the precision of cross-modal retrieval. Extensive experimentation carried out on both
the RSICD and RSITMD datasets, yielded commendable results, attesting to the superior
efficacy of the proposed methodology in the domain of remote sensing cross-modal text-
image retrieval.

Keywords: cross-modal retrieval; remote sensing; attention weight

1. Introduction

In recent years, the rapid development and application of remote sensing technology
have led to an exponential increase in the quantity of optical remote sensing images [1]. Yet,
the challenge arises when faced with the task of efficiently extracting invaluable insights
from such vast repositories of data. Automatic remote sensing cross-modal retrieval has
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become a key area of research due to the exponential growth of optical remote sensing data.
The increasing role of text in human-computer interactions has further heightened interest
in cross-modal text-image retrieval for remote sensing applications.

Historically, remote sensing image retrieval predominantly relied on manual anno-
tations to label each image, utilizing query text to match these annotations [2]. Given the
exponential increase in remote sensing images, manual annotation has become increasingly
labor-intensive. This shift has prompted a heightened interest in automated image caption-
ing [3,4]. For instance, to derive more nuanced descriptions, Zhao et al. [5] introduced an
approach grounded in fine-grained and structured attention, aimed at harnessing the struc-
tural attributes of semantic content in remote sensing imagery. Despite the advancements
in automated subtitle generation, challenges persist. Primarily, two-stage retrieval models
often encounter substantial information attrition in the intermediary phase [6], thereby
compromising the retrieval’s precision and completeness. Furthermore, captions generated
by machines may inadequately encapsulate unique semantic nuances and intricacies of
remote sensing images [7]. This raises the question of whether there exist more optimal
methodologies than the conventional remote sensing text-image retrieval techniques for
cross-modal retrieval tasks.

Historically, when the Image-Text Retrieval challenge first gained traction, the aca-
demic community primarily aimed to map text and images into a shared subspace using
an end-to-end approach. Yet, recent developments have charted new territories. For in-
stance, SCAN [8] employs region-level and word-level feature encoding for images and text
respectively, subsequently utilizing stacked cross-modal attention for affinity computations.
CAMP [9] masterfully orchestrates the cross-modal messaging flow, ensuring meticulous
cross-modal interactions and adeptly managing discordant pairs and non-essential data
through an adaptive gating strategy. VSRN [10] devises visual representations by inferring
regional relationships and global semantic connotations. This enhanced representation aptly
captures pivotal objects and semantic motifs in scenes, facilitating superior alignment with
associated text. SGM [11] leverages dual scene graph modalities for text and images: visual
and textual scene graphs. It introduces a scene graph alignment model and harnesses two
graph encoders to derive object-level and relation-level features for image-text alignment.

However, it’s imperative to note that the above strategies, tailored for natural scenes,
falter when applied to remote sensing imagery [12]. Yuan et al. [12] attempted to fine-tune
remote sensing images using methodologies from [8,9] and related works. The results
were suboptimal, leading them to formulate a multi-scale visual self-attention module to
sift through extraneous image features and deploy cross-modal guidance protocols for
enhanced multi-modal representations. To forge a more direct nexus between remote
sensing imagery and corresponding text, Cheng et al. [13] utilized attention and gating
mechanisms, optimizing data characteristics to extract more potent feature representations.
Recognizing the dearth of fine-grained object perception in existing remote sensing retrieval
frameworks, Yuan et al. [14] recognized the lack of fine-grained object perception in
existing remote sensing retrieval frameworks. They proposed an integrated approach that
combines both global and granular data through a multi-tier information fusion module.
This strategy enabled a deeper understanding of objects and their interrelations, thereby
improving retrieval performance.

Notwithstanding the achievements in remote sensing image-text retrieval, there re-
main pertinent challenges warranting further exploration. Firstly, remote sensing imagery
markedly contrasts with natural scenes. Natural scenes typically feature fewer, larger, and
more distinctive objects, whereas remote sensing images are characterized by numerous,
smaller, and less distinct entities. As a result, extracting regional features from remote
sensing images using target detection methods, and then aligning them with textual word
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features, becomes paramount. Although this strategy excels in natural scene datasets, the
extraction of pertinent image regional features remains an outstanding challenge. Sec-
ondly, prevalent methodologies employ Bidirectional Gated Recurrent Unit (BGRU) for
textual word feature extraction, which predominantly factors in immediate positional word
relationships. This overlooks distant word relationships, which could offer significant
insights. Lastly, while numerous scholars have championed attention mechanism strategies
for discerning granular alignment between images and text, current iterations of these
mechanisms warrant refinements. Specifically, the current focus with regard to merely
granular alignments may be myopic, potentially obscuring cases of partial alignments in
discordant sample pairs. In congruent pairs, not all attention weights bear significance.
The prevailing methodologies indiscriminately treat all attention weights, inadvertently
incorporating inconsequential textual prepositions.

To address the aforementioned challenges, this study introduces a cross-modal re-
trieval algorithm for remote sensing image text based on similarity correction and filtering
(ACF). The principal contributions of this research are outlined below:

e  Enhanced Image Comprehension: To bolster the model’s proficiency in deciphering
remote sensing images, we have adopted the visual graph neural network (VIG) [15],
as the primary image feature extraction mechanism. Moreover, a multi-tier node
feature fusion module has been instituted, enabling the model to understand remote
sensing images both at varied granularities and in their entirety.

e Optimized Text Understanding: This study leverages the BGRU model to extract word-
level vector features from the text. Subsequently, the graph attention network (GAT)
is employed to compute M word-level features that represent positional relationships.
The culmination of this process involves the utilization of pooling to capture the
overarching features of the textual content.

e  Attention Correction Unit: We introduce a novel attention correction unit. Herein,
the visual area features coupled with the textual word features are processed via the
cross-attention module to generate attention weights. Subsequently, global similarity
metrics are employed to rectify these attention weights. A distinct attention thresh-
old is incorporated to recalibrate the attention weight, substantially mitigating the
propensity for misalignment in discordant image-text pairs, especially when such
misalignments arise from specific correlations between visual area attributes and
textual words.

e Attention Filtering Unit: Recognizing that not all attention-derived information holds
relevance, we propose an attention filtering unit. This study aims to discern the most
pertinent attention weight, resonating with the visual area features and textual word
attributes, and employs a secondary attention threshold to filter out inconsequential
attention. This strategic approach attenuates the influence of non-essential visual
zones and words when aligning image-text pairs, thus amplifying the likelihood of
accurate matches.

To substantiate the superiority of the ACF approach, we orchestrated a series of
comparative experiments across two remote sensing cross-modal retrieval datasets. Fur-
thermore, a range of ablation studies were executed to dissect the efficacy of each individual
module. The ensuing sections are structured as follows: Section 2 provides an overview
of related work in remote sensing image text retrieval. Section 3 delves deep into the
intricacies of the proposed modules. Section 4 is dedicated to a comprehensive presentation
of our experimental validations, demonstrating the potency of our proposed methodology.
Finally, Section 5 draws conclusions based on the research findings.
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2. Related Work
2.1. Cross-Modal Text-Image Retrieval

Cross-modal retrieval is the process by which data from one modality is utilized to
retrieve semantically consistent modal information from another modality [16]. Using the
image and text modality as an illustration, images retrieve related texts that fall under the
same category or topic. Image-text retrieval primarily follows two research trajectories:
global matching and regional matching.

Global matching is designed to seamlessly embed both images and texts into a shared
subspace, subsequently learning their semantic alignment through optimization using a
ranking loss. Canonical correlation analysis is employed by both CCA [17] and DCCA [18]
to ascertain the semantic representation of images and their corresponding texts. Given
the exceptional performance of convolutional neural networks in image processing [19]
and the superior performance of LSTM [20] and GRU [21] in the realm of natural language
processing, R. Kiros et al. [22] innovatively introduced the CNN-LSTM architecture for
the purpose of learning combined image-text embeddings. Following the advancements
achieved by pre-trained models in Natural Language Processing(NLP), exemplified by
BERT [23] and GPT [24], TOD-Net [25], introduced in 2021, refines text representations.
This method overlays a pre-existing embedding system, altering the embedding space
based on specific parameters.

Drawing inspiration from generative adversarial networks [26], analogous generative
and adversarial learning strategies can be adopted for image-text matching tasks. This
approach seeks to bridge the divergence between the two modalities. Tools like ACMR [27]
and CM-GAN:Ss [28] incorporate a modal discriminator to discern the modal data of features,
leveraging a traditional bidirectional network. When discrimination becomes unfeasible,
the disparity between the two modalities is deemed to have been resolved. Additionally,
GXN [29] exploits either text or visual features to produce images or captions, aiding in the
diminishment of cross-modal informational gaps. Wen et al. [30] presented a cross-memory
network equipped with pair recognition, designed to encapsulate shared knowledge across
image and text modalities.

Furthermore, specialized mechanisms have been incorporated within global matching.
DAN [31] implements an attention mechanism fortified by visual and textual elements.
In the context of MTFEN [32], Wang et al. conceived a reordering strategy to refine the
ranking accuracy during test phases. In pursuit of holistic matching, MFM [33] employs
a multifaceted representation of both images and texts, facilitating a comprehensive un-
derstanding and subsequently discerning the congruence between both modalities from
various perspectives. Ji et al. [34] unveiled the Saliency-Guided Attention Network (SAN),
which capitalizes on visual saliency detection, emphasizing visually significant regions or
entities in images based on textual content.

The aforementioned methodologies primarily encode an entire image or text into
a singular vector, and are thus categorized under global image-text matching methods.
However, these techniques predominantly focus on the alignment of the overarching
context of either the image or text, often neglecting the congruence between specific image
regions and textual elements. This oversight is addressed by the subsequent regional
image-text matching methodology.

Regional matching offers a nuanced approach to image-text pairing, associating dis-
tinct regions within an image to specific words in a text, as opposed to solely aligning
overarching semantics. This method capitalizes on target detection [35] for image object
identification, diverging from the conventional CNN for image feature extraction. Con-
currently, the output from the text encoder transitions from a singular sentence vector to
a word-centric matrix. Pioneering this approach in 2015, Karpathy et al. [36] presented a
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technique to identify objects in images, embedding them within a subspace. The associated
similarity is determined by the cumulative similarities of each region-word pairing. This
approach to determining image-text congruence has been further refined by subsequent
studies [8,9,37,38], which have employed attention mechanisms to delineate the regional
congruence between visual and linguistic elements. Specifically, BFAN [37] selectively
omits irrelevant segments from mutual semantics, directing focus towards pertinent seg-
ments. PFAN [38] amplifies this by incorporating regional location data, introducing an
integration strategy that emphasizes object location hints, augmenting the learning of
visual-textual joint embeddings, and thereby achieving superior alignment. Several other
studies [9,39-43] have further contributed to refining the outcomes of image-text retrieval.

A unique proposition involves constructing inherent structures and relationships
among fragments within their individual modalities, and subsequently identifying distinct
inter-structural semantic correlations between visual and textual elements. Specifically,
relationships between visual and textual fragments are modeled by developing both a
visual context-aware tree encoder (VCS-Tree) and a textual context-aware tree encoder
(TCS-Tree) with mutual labels. This facilitates the concurrent learning and optimization of
both visual and textual features.

Graphical structures adeptly depict object-centric relationships. However, a plethora
of visual data cannot consistently be represented in grid-like formats such as visual graphs.
This led to the introduction of graph neural networks (GNN) [44] as extensions of recurrent
neural networks, enabling them to directly process graphs. This was further expanded
upon with the introduction of the Graph Convolutional Network (GCN) [45] tailored for
capturing visual relationships. Several contemporary studies [10,11,46-49] have further
expanded on this foundational work, aiming to enhance either visual or textual features
in the context of image-text alignment. For instance, SCG [46] develops a scene concept
graph by extracting frequently co-occurring concept pairings as intrinsic scene knowledge.
Subsequently, this base is expanded to incorporate additional semantic concepts, selectively
merging them to enhance an image’s semantic representation. CVSE [47] harnesses con-
sensus data by calculating statistical co-occurrence correlations among semantic concepts
within image datasets, employing the constructed concept correlation graph to produce
consensus-aware concept representations. Meanwhile, GSMN [48] distinctly models ob-
jects, relationships, and attributes as a structured phrase. This not only identifies the
correlations among objects, relationships, and attributes but also aids in recognizing the
intricate congruences among structured phrases.

2.2. Remote Sensing Cross-Modal Text-Image Retrieval

RSCTIR involves using text to retrieve corresponding remote-sensing images. The
heterogeneity-induced semantic gap renders the RSCTIR task particularly challenging. In
terms of implementation, RSCTIR approaches can be broadly categorized into subtitle-
based methods and embedding-based methods.

Subtitle-based methods are essentially two-stage retrieval approaches. In this ap-
proach, annotations are typically generated for each remote sensing (RS) image in the
database through a subtitle generator. Subsequently, during the retrieval phase, the BLEU
[50] metric is utilized to compute the similarity between the query text and the generated
annotations. Qu et al. [51] employed multi-modal deep networks for the semantic under-
standing of high-resolution remote sensing images. To enhance the characterization of
remote sensing images, Shi et al. [52] introduced a Deep Learning-based Remote Sensing
Image Captioning (RSIC) framework, employing fully convolutional networks to semanti-
cally decompose terrestrial elements at various scales. Lu et al. [53] presented a large-scale
RSIC dataset and conducted an extensive review to promote the RSIC mission. Sumbul
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et al. [54] introduced a summary-driven RSIC technique to address information deficits
and evaluated its influence across several RS text-image datasets. Li et al. [4] formulated
a truncated cross-entropy loss to mitigate the overfitting issue in RSIC. Addressing the
computational demands of contemporary subtitle generators, Genc et al. [55] designed a
support vector machine-based decoder that proves efficient with limited training samples.
While subtitle-based RSCTIR methods [5,56-58] have matured, their two-stage nature
inevitably introduces noise, potentially compromising retrieval accuracy.

Embedding-based RSCTIR techniques entail mapping RS images and text into a shared
high-dimensional space. The cross-modal similarity is then ascertained using appropriate
distance metrics. Abdullah et al. [59] introduced a deep bidirectional triplet network that
derives joint encoding between multiple modalities and yields more robust embeddings.
They implemented an average fusion approach to amalgamate features from multiple
text-image pairings. Addressing multi-scale scarcity and target redundancy challenges in
RSCITR, Yuan et al. [12] designed an asymmetric multi-modal feature matching network
(AMFMN) and contributed a fine-grained RS image-text dataset for this task. Investigating
potential associations between RS images and text, Cheng et al. [13] devised a semantic
alignment module to capture more discriminative feature representations. Lv et al. [60] pro-
posed a fusion-based correlation learning model for RS image-text retrieval, this approach
bridges the heterogeneity gap by leveraging knowledge distillation. Alternatively, Yuan et
al. [14] suggested a lightweight text-image retrieval model was designed to expedite RS
cross-modal retrieval by employing knowledge extraction and contrastive learning, thereby
improving retrieval performance.

3. Method

This section elucidates the Attention Correction and Filtering algorithm tailored for
cross-modal retrieval in remote sensing image-text contexts. The comprehensive workflow
is depicted in Figure 1.
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Figure 1. Overview of the proposed ACF.

Initially, in the context of image processing, the VIG is employed to extract image fea-
tures. Building on this foundation, the fusion of low-level and mid-level node information
produces N node details, which are subsequently treated as visual area features via the
multi-scale fusion module.

For handling the textual aspect of remote sensing, a BGRU is employed to distill
word-level vectors from the text. Following this, the Graph Attention Module is harnessed
to derive M word-level attributes.

Subsequently, leveraging the features derived from the preceding two modules, a
weight matrix is procured through the cross-attention module. This weight matrix is then
scaled using global similarity metrics. To address information redundancy, only relevant
weight details are retained. As such, the attention filtering module is employed to sieve
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out attention weights that are inconsequential to either the image or the text. To culminate,
the model’s training process synergistic ally integrates the Triplet loss function with global
similarity measures.

3.1. Feature Extraction
3.1.1. Image Feature Extraction

Due to the complexity and particularity of remote sensing images, the object features
obtained through the target detection algorithm need to be more representative. In order
to extract valuable features from these object features, complex redundant operations are
required, which undoubtedly increases the time required for retrieval. Process complexity.
As a more flexible backbone network, the VIG [9] divides images into many blocks and
treats them as nodes. Building graphs based on these nodes can better represent irregular
and complex objects in the wild.

The intrinsic advantages of VIG address the challenges of meticulously extracting
object features from remote sensing images. Therefore, this study adopts VIG as the
backbone network for extracting remote sensing image features. Initially, each image is
divided into 7 x 7 patches. Based on this, a multi-level node information fusion module
is designed. The fusion of low-level and mid-level node features from the VIG results in
49 node features, which are used as visual region features. This approach enables the model
to achieve a multi-level and comprehensive understanding of remote sensing images, as
illustrated in Figure 2.

Figure 2. Image feature extraction module.

Within this module, node information from disparate levels is perceived as objects of
varying dimensions. This data is then amalgamated, treating these object details as local insights.
This approach compensates for the inadequacies of purely global perspectives, leading to the
derivation of richer visual features, as represented in Equation (1). Subsequent to this, a global
pooling mechanism is deployed to yield the visual global feature V(8). This feature is then
synergized with the terminal layer attributes of the VIG, as depicted in Equation (2).

0; = VIG(xl,xm),i € [1,1{] (1)
(&) = VIG(xj, xm) X x¢ )

3.1.2. Text Feature Extraction

To achieve a word-level representation of text, this study employs both the BGRU and
the GAT as encoders, as depicted in Figure 3. For a specific text S , comprising m words, we
represent these words using word vectors e;. Acknowledging the significance of positional
data within the sentence structure, these word vectors are channeled into the Bidirectional
GRU network. This yields word feature representations, which are subsequently introduced
into the GAT. This network is responsible for discerning and learning inter-word correlations,
culminating in the final word features, denoted as ;. This computational procedure is detailed
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in Equation (2). Subsequent to this phase, an average pooling strategy is employed to extract
the global text feature, T($) as elaborated upon in Equation (4).

—lj - - -
GR (e]', h ]',1) + GRU(EJ', h ]'+1)

hj = GAT( 5 ),j € [1,m] ®)
T® = Yy )

Six tennis courts
are next to the
baseball field.

Figure 3. Text feature extraction module.

3.2. Attention Correction and Filtering

The focus of the attention mechanism should be appropriately directed towards the
pertinent regions in images or relevant segments in text. The Attention Correction and
Filtering module is structured in three sequential stages:

1.  Cross-Attention Generation: In this phase, an attention weight matrix is derived using
the cross-attention mechanism. This matrix characterizes the relationships between
elements in the image and text modalities.

2. Attention Correction via Global Similarity: The initial attention weights are refined
using a measure of global similarity.

This refinement ensures that the attention mechanism is focused on semantically
consistent areas of the image and corresponding segments of the text.

3. Attention Filtering for Relevance Determination: This stage identifies and retains only the
most relevant attention weights. By concentrating on highly relevant areas, it eliminates
non-essential regions or segments, thereby reducing noise in the attention mechanism.

The complete procedure is visually depicted in Figure 4. It’s crucial to note that the
aforementioned stages are bidirectional in nature. This means that the mechanism can oper-
ate in two modes: from images to text and vice versa (text-to-image). To facilitate a clearer
understanding, the subsequent sections will elaborate on the image-to-text procedure,
detailing each stage comprehensively.

@:Attention @:Cosine ®:Multiply

Figure 4. Attention correction and filtering flow chart.
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3.2.1. Base Attention

In order to obtain the image-to-text attention weight s;;, first calculate the similarity
matrix between image-text pairs, which is obtained by calculating the cosine similarity
between the image region feature v; and the text word feature w;, as shown in Equation (5).

T
S = Y e (K, € [1,m] ©)
[vil[|;

[sij]+

Then regularize it to get 5;; = \/j, where [x]; = Max(x,0). The similarity ma-
i [sif]2

trix txf]- is then used to calculate the attention score of each region, as shown in Equation (6).

exp(As;;)
wjj = Zm—lﬁ\— (©)
j=1 exp( Sl])

where A is the inverse temperature of similarity.

3.2.2. Attention Correction Unit

This study employs the similarity between the global features of images and text as
a constraint for attention weights. This approach aims to diminish attention to irrelevant
visual areas or text segments and instead prioritize semantically relevant regions in both
images and text. The mathematical representation for this global similarity sim, is provided
in Equation (7).

B 2&TT(®)
@t

This study introduces an attention weight threshold, denoted as p, to evaluate the

simg = sim(0(8), T(8

@)

magnitude of the global similarity. By multiplying this threshold with the attention matrix,
we derive a new normalized attention weight matrix zx;;-. This process is mathematically
represented in Equations (8) and (9).

—t ; t
;= (simg — p) x o (8)
—t
ok,
"t _ 2
Xij = m ot ©)
=1 %ij

Should the global similarity prove substantial, the local similarity will be proportion-
ally amplified following the attention correction module. Conversely, if the global similarity
is minimal, the local similarity will be proportionally diminished post-attention correction.
In essence, the attention correction module mitigates the potential for mismatched image-
text pairings that might arise from alignments between specific image areas and distinct
text words.

3.2.3. Attention Filtering Unit

Given the redundancy in attention weights, it’s evident that not all attention-weight
data holds significance. This study seeks to identify the attention most pertinent to the
text word features, namely, the visual area features with the highest attention weight.
As a foundational step, we introduce an attention weight ratio threshold, denoted as g.
This threshold evaluates the relationship between a given attention weight value and the
maximal attention weight value. Any weight values below this threshold g are nullified.
"t

Following this, we derive a refreshed attention weight matrix post-normalization a; j

illustrated in Equations (10) and (11).

,as
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"l "t
H(a;]t-) _ ) e Max(a})| < q (10)
0, other
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In corresponding text-image pairs, the attention filtering module minimizes the im-
pact of unrelated areas and words, ensuring that the attention weight predominantly
concentrates on the matching visual areas and relevant words.

3.3. Loss Function

In the Attention Correction and Filtering section, attention is directed towards relevant
words or visual areas. Subsequently, the final text vector a! and image vector zx;’ are
determined as illustrated in Equations (12) and (13).

m "
af = ijl zxijtwj (12)

k "
of =) v, (13)
The matching scores of text and image can then be derived from the two-way matching,
as shown in Equation (14).

1 «—k 1
R(I,T):EZZ.:lR(vi,z;i)Jra ;.”ZlR(a;’,wj) (14)

In remote sensing cross-modal retrieval, the triplet ranking loss function is frequently
employed. In this study, we continue to use this loss function to align images and text.
Furthermore, a global similarity metric is incorporated to jointly compute the loss value.
The specific calculation is provided in Equation (15), where J represents the minimum
boundary value, T denotes the remote sensing image that does not match the text T, T
represents the text that does not match the remote sensing image I, and Lg is the loss
calculated based on global similarity.

L=[6—R(I,T)~R(LT), +[06—R(IT)—R(,T)], +Lg (15)

4. Experiment

This section provides an overview of the datasets utilized, the evaluation metrics,
and the specifics of the experiments conducted. We will compare and analyze two widely
recognized remote sensing text-image datasets and validate the efficacy of the ACF model
we’ve developed. Furthermore, we will conduct a series of ablation studies to delve into
the underlying factors contributing to the superior performance of the ACF model.

4.1. Datasets and Evaluation Metrics

In our study, two prominent remote sensing text-image datasets, RSICD [12] and RSITMD
[53], were employed. The RSICD dataset comprises 10,921 samples, with each sample con-
taining a remote sensing image accompanied by five pertinent sentence descriptions; these
images have a resolution of 224 x 224. The RSITMD dataset, on the other hand, consists of
4743 samples, and akin to the RSICD, each sample features a remote sensing image coupled
with five sentence descriptions, albeit with an image resolution of 256 x 256. Notably, the
RSITMD dataset offers a more intricate textual representation in comparison to the RSICD
dataset, as illustrated in Figure 5. For the purposes of our experiment, the datasets were
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partitioned into a training set (comprising 80% of the data), a validation set (10%), and a test
set (10%), in alignment with the methodology proposed by Yuan et al. [12].

To evaluate the model’s efficacy, this study employs the R@K and mR metrics. R@K
denotes the percentage of accurate matches within the top k retrieved results. For a compre-
hensive assessment, the experiment utilized R@1, R@5, and R@10 as metrics. Furthermore,
mR, representing the mean value across multiple R@K values (specifically for K =1, 5, 10),
was employed to provide a holistic perspective on the model’s performance.

Capl: Several buildings and green trees are around a piece of bareland.
Cap2: Some planes are parked near an airport with parking lot.
Cap3: Some planes are parked near an airport with parking lot.
Cap4: Several buildings and green trees are around a piece of bareland.

Cap5: Several buildings and green trees are around a piece of bareland.
QP)

Capl: A building with light blue roof in the middle.

Cap2: A oval building in the middle while with some intensive plants in side.
Cap3: A building in the middle while with light gray ground around.

Cap4: A oval building with light blue roof and white edge in the middle.

Cap5: An almost circle building is next to roads.
2

Figure 5. (1) is a sample in RSICD, and (2) is a sample in RSITMD. Each sample in both datasets
contains five descriptions, but RSITMD’s descriptions are more diverse.

4.2. Implementation Details

All experiments presented in this study were executed on an NVIDIA RTX8000 GPU.
Despite the varying image sizes of the two primary datasets employed, for consistency,
we resized all images to a dimension of 224 x 224 before feeding them into the model.
To bolster the model’s resilience to variations, a series of data augmentation techniques
were applied to the training set’s image data, including operations such as cropping and
rotation.

For the extraction of textual features, the word vector’s dimension was fixed at 300,
while the features” dimension, used to compute the similarity between images and texts,
was set at 512. Optimal thresholds for attention correction (p) and attention filtering (g)
were identified through controlled parameter experimentation, settling at values of 0.3 and
0.1, respectively. As this study employs the triplet loss function, setting an appropriate
margin is essential. Again, through parameter tuning, the most effective margin was
determined to be 0.2.

Regarding the optimization of the model, the Adam optimizer was utilized. We
adopted a batch size of 150 and set the initial learning rate at 0.001. A decay factor of
0.5 was applied every 20 epochs, and the model was trained for a total of 60 epochs. We
leverage k-fold cross-validation to obtain an average result, and k is set to 5.

4.3. Parameter Experiment

This section delves into control experiments focused on three parameters: the attention
correction threshold p, the attention filtering threshold g, and the triplet loss function
margin . The baseline values for these parameters were initialized as follows: p was set
at 0.1, g at 0.1, and ¢ at 0.2. Detailed experimental outcomes are visually represented in
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Figure 6, and the specifics of each experimental run will be elucidated in the subsequent
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Figure 6. Parameter experiment results. (a) Attention correction threshold experiment results.
(b) Attention filtering threshold experiment results. (c) Margin experiment results.
4.3.1. Attention Correction Threshold p

The attention correction threshold p, governs the modulation of attention weights. Its
primary role is to mitigate the chances of erroneous matching in image-text pairs that are
not inherently related, even if there seems to be a specific match between certain visual

area features and text words. Setting p too low may render the scaling effect insignificant.

Conversely, an excessively high value for p can negatively impact the matching likelihood
of genuine positive samples.

To comprehensively assess the influence of p, experiments were conducted on two
distinct datasets. In these experiments, the value of p was incrementally adjusted, ranging
from 0.1 to 0.6. The outcomes of these experiments are tabulated in Table 1.

Table 1. Attention correction threshold experiment on RSICD dataset and RSITMD dataset.

T
0.5

T
0.6

RSICD Dataset RSITMD Dataset
Sentence Retrieval Image Retrieval Sentence Retrieval Image Retrieval
Thredhold  pa1 Res Re10 Re1 Res Reto ™R Rel Res R@ Rel Res5 Rew ™R
p=01 6.92 1976 3034 594 2082 3394 19.62 1372 3031 4447 9.87 3712 5566 3178
p=02 781 2071 31.88 6.09 2226 3632 20.84 14.82 33.63 4381 956 3752 57.52 32.80
p=03 8.23 2031 3047 7.39 2328 3691 21.10 1594 3496 49.12 1283 37.74 55.53 34.28
p=04 739 19.69 30.74 574 21.83 3497 20.06 13.94 3341 4624 1124 3836 53.50 32.78
p=05 595 1821 3147 558 21.06 33.65 19.32 1332 3354 4628 1090 3818 56.69 3240
p=06 613 1912 29.00 545 2079 3411 1910 1221 2925 4265 10.14 36.88 5522 31.06

From Table 1, it is evident that while maintaining the initial values for the attention
filtering threshold g and the triplet loss function margin J, adjusting the attention correction
threshold p to 0.3 enhances the model’s performance across both datasets.

For the RSICD dataset, our model showcased superior performance in the image
retrieval task across all three metrics. In the text retrieval task, we recorded the best results
in R@1 and R@5. However, for R@10, there was a slight decrease of 0.4% and 1.41%
respectively when compared to the results with p = 0.2.

On the RSITMD dataset, the model exhibited optimal performance in the text retrieval
task for all three metrics. For the image retrieval task, while the model achieved the best
results for R@1, there was a slight decrease of 0.62% for R@5 when compared to p = 0.4,
and a 1.99% decrease for R@10 compared to p = 0.2. Despite these reductions, the model
still demonstrates competitive and commendable results.
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4.3.2. Attention Filtering Threshold g

When assessing the impact of the attention filtering threshold g, its primary role is to
modulate the influence of unmatched or irrelevant visual areas and words in image-text
pairs. By varying g within the range of 0.1 to 0.6 across the two datasets, we aim to under-
stand its optimal value for maximum performance. The outcomes of these experiments can
be found in Table 2.

Table 2. Attention filtering threshold experiment on rsicd dataset and rsitmd dataset.

RSICD Dataset RSITMD Dataset

Thredhold

Sentence Retrieval Image Retrieval mR
R@l R@5 R@10 R@l R@5 Re@10 R@l R@5 R@10 R@l R@5

Sentence Retrieval Image Retrieval

R@10

mR

g=01
g=02
q=203
qg=204
qg=20.5
qg=20.6

823 20.31 3047 739 2328 3691 21.10 1549 34.96 49.12 12.83 37.74
741 20.04 3120 6.04 2289 36.83 2073 1274 3226 46.15 11.12 38.21
714 2040 3248 6.39 21.33 3339 2019 12.65 31.06 44.78 11.30 36.78
704 19.76 30.74 523 21.81 3392 19.75 1283 29.87 43.94 1058 37.69
750 2021 3138 6.37 21.06 3447 20.16 1226 30.58 43.41 10.25 36.70
759 2059 3028 567 21.04 3178 1949 11.68 30.22 4296 10.55 37.37

55.53
55.93
54.31
55.74
56.08
55.38

34.28
32.73
31.81
31.77
31.54
31.36

From Table 2, it’s evident that without modifying the values of the attention correction
threshold p and the triplet loss function margin J, adjusting the attention filtering threshold
g to 0.1 allows the model to excel in both retrieval directions on the RSICD dataset. In
the context of image retrieval, optimal results were obtained. For text retrieval, peak
results were noted in R@1 and R@5, although R@10 performance lagged slightly behind
the outcomes achieved when g was set to 0.3.

For the RSITMD dataset, text retrieval metrics were all at their peak. In the image
retrieval dimension, the model delivered the best results for R@1 and showed competitive
performance for R@5—a mere 0.47% decline compared to when g was set to 0.2. For R@10,
the performance drop was 0.55% in comparison to a q value of 0.5.

4.3.3. Margin 6

The triplet loss function optimizes the model by minimizing the distance between
positive samples and maximizing the distance between negative samples. When the
margin J is small, the loss approaches 0, making it challenging to distinguish between
positive and negative samples. Conversely, a larger margin J suggests a greater expected
distance between positive samples and a more substantial separation from negative samples.
However, this can make network convergence more challenging.

Experiments were carried out on two datasets, adjusting the value of ¢ incrementally
from 0.1 to 0.6. The findings of these experiments are presented in Table 3.

Table 3. Margin experiment on RSICD dataset and RSITMD dataset.

RSICD Dataset RSITMD Dataset

Sentence Retrieval Image Retrieval

Margin

Re1

R@5

R@10

Re1l

R@5

R@10

mR

Re1

R@5

R@10

Re1

R@5

Sentence Retrieval Image Retrieval

R@10

mR

6=01
6=02
6=03
6=04
6=05
6=20.6

6.68
8.23
7.87
6.68
6.95
5.76

19.12
20.31
19.76
17.38
19.21
17.84

29.83
30.47
31.56
30.56
31.11
28.82

6.92
7.39
6.68
6.62
6.17
5.56

23.18
23.28
21.48
22.78
21.10
21.35

35.55
36.91
33.98
36.45
32.96
35.66

20.21
21.10
20.22
20.08
19.58
19.17

12.61
15.49
14.82
12.70
12.17
11.50

30.97
34.96
32.30
32.03
30.31
31.86

45.80
49.12
44.47
44.16
46.02
45.58

12.30
12.83
11.73
10.31
10.88
9.16

38.27
37.74
38.41
37.31
36.90
36.81

55.66
55.53
52.79
55.38
53.81
52.26

32.60
34.28
32.42
31.98
31.68
31.19
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From Table 3, we observe that by holding the initial values of the attention correction
threshold p and the attention filtering threshold g constant, setting the triplet loss function
margin ¢ to 0.2 enhances the model’s performance in both retrieval directions. Specifically:

For the RSICD dataset: In the image retrieval tasks, the model achieves the best results.
In text retrieval tasks, the model excels in R@1 and R@5 metrics. However, there is a decline
of 1.09% in the R@10 metric when compared to 6 = 0.3.

For the RSITMD dataset: In text retrieval, the model outperforms the outcomes
observed for other values of 6. Regarding the image retrieval task, the model’s best
performance is noted in the R@1 metric. However, there’s a decrease of 0.67% in the R@5
metric relative to 6 = 0.3, and a 0.13% reduction in the R@10 metric compared to § = 0.1.

4.4. Comparison with the Other Methods

This study compares the performance of the ACF model with contemporary meth-
ods on the RSICD and RSITMD datasets. The results of this comparison are detailed in
Table 4. The primary models under consideration include VSE++ [61], SCAN [8], CAMP [9],
MTEN [32], CMEN [62], AMFMN [12] GaLR [63] and SWAN [64].

e VSE++ [61]: This model extracts image features using CNNss and text features using
GRU. It employs the triplet loss function directly for model optimization.

e  SCAN [8]: SCAN extracts image regional features via target detection and text word
features using a bidirectional GRU. It subsequently aligns them finely using a cross-
attention mechanism.

e CMAP [9]: CAMP utilizes a passing mechanism to adaptively control cross-modal
information flow, producing the final result through cosine similarity.

e  MTEN [23]: This model capitalizes on the fusion of various features to compute
cross-modal similarity in an end-to-end manner.

e CMEN [62]: CMFN enhances retrieval performance by individually learning the
feature interaction between query text and RS images and modeling the feature
association between both modes, thus preventing information misalignment.

¢ LW-MCR [63]: This lightweight multi-scale cross-modal retrieval method leverages
techniques such as knowledge distillation and contrast learning.

¢ AMEMN [12]: AMFMN employs a multi-scale self-attention module to derive image
features. These features then guide text representation, and a dynamically variable
triplet loss function optimizes the model.

¢  GaLR[64]: GaLR amalgamates image features from different levels using a multi-level
information dynamic fusion module, eliminating redundancy in the process.

¢ SWAN [64]: SWAN uses a multi-scale fusion module to extract regional image fea-
tures and then employs significant feature correlation to formulate a comprehensive
image representation.

As presented in Table 4, the proposed ACF model achieves superior performance on
the RSICD and RSITMD datasets compared to other methods. The experimental results on
the RSICD dataset reveal that, in the text retrieval task, the ACF algorithm outperforms
other methods in terms of R@1 and R@5 metrics, while the R@10 metric is slightly lower
than that of the GaLR with MR method. In the image retrieval task, the ACF algorithm
similarly surpasses other methods in R@1 and R@5 metrics, with the R@10 metric being
slightly lower than that of the latest SWAN method. Notably, the ACF algorithm achieves
an mR value of 21.10, demonstrating an improvement over other algorithms.

On the RSITMD dataset, the experimental results indicate that, in the text retrieval task,
the ACF algorithm surpasses the latest SWAN algorithm across all metrics, achieving R@1,
R@5, and R@10 values of 15.49%, 34.96%, and 49.12%, respectively. For the image retrieval
task, the R@1 metric of the ACF algorithm is 1.59% higher than that of the SWAN algorithm,

57



Remote Sens. 2025, 17, 503

while the R@5 and R@10 metrics are slightly lower than the corresponding metrics of the
SWAN algorithm. Finally, the ACF algorithm achieves an mR value of 34.28, representing a
significant improvement over other algorithms. These results strongly validate the superiority
of the ACF model and confirm the effectiveness of the attention weight correction and filtering
method for cross-modal retrieval of remote sensing images and texts.

Table 4. Comparisons of retrieval performance on RSICD dataset and RSITMD dataset.

RSICD Dataset RSITMD Dataset
Sentence Retrieval Image Retrieval Sentence Retrieval Image Retrieval
Thredhold  p@1 Res Rel0 Re1 Res Reo ™F Rel Re5 Rel0 Rel Res Rato X
VSE++ 338 951 1746 282 1132 1810 1043 1038 27.65 39.60 779 2487 38.67 24.83

SCAN t2i 439 1090 17.64 391 1620 2649 1325 10.18 2853 3849 10.10 2898 43.53 26.64
SCAN i2t 585 1289 1984 371 1640 2673 1423 11.06 25.88 39.38 9.82 29.38 4212 26.28
CAMP-triplet 512 1289 21.12 415 1523 2781 1439 1173 2699 38.05 827 2779 4434 26.20
CAMP-bce 420 1024 1545 272 1276 2289 1138 9.07 23.01 3319 522 2332 3836 22.03
MTEN 5.02 1252 1974 490 1717 2949 1481 1040 27.65 36.28 996 31.37 4584 2692
CMFM 540 1866 2855 531 1857 30.03 1775 10.84 28.76 40.04 10.00 32.83 4721 28.28
LW-MCR(b) 457 1371 2011 4.02 1647 2823 1452 9.07 2279 3805 6.11 2774 49.56 25.55
LW-MCR(d) 329 1252 1993 466 1751 30.02 1466 10.18 2898 39.82 779 30.18 49.78 27.79
AMFMN-soft 505 1453 2157 505 1974 31.04 16.02 11.06 2588 39.82 982 3394 5190 2874
AMFMN-fusion 5.39 15.08 23.40 490 1828 3144 1642 11.06 2920 3872 996 3403 5296 29.32
AMFMN-sim 521 1472 2157 4.08 1700 30.60 1553 10.63 2478 41.81 1151 34.69 54.87 29.72
GaLRw/oMR 650 1891 2970 511 19.57 3192 1862 13.05 30.09 4270 1047 36.34 5335 31.00
GaLRwithMR 659 1985 31.04 469 1948 3213 1896 14.82 31.64 4248 11.15 36.68 51.68 3141
SWAN 741 2013 3086 556 2226 3741 2061 1335 3215 4690 1124 4040 60.60 34.11

ACEF (ours) 8.23 2031 3047 739 2328 3691 2110 1549 3496 49.12 12.83 37.74 5553 34.28

4.5. Ablation Study

In this section, we delve into ablation studies to assess the significance of each module
within the proposed method. To ensure consistency, the hyperparameters were meticu-
lously chosen based on prior parameter experiments. The series consists of five distinct
experiments. The results for the RSICD dataset are documented in Table 5, whereas those
for the RSITMD dataset can be found in Table 6.

Table 5. Ablation experiment on RSICD dataset.

Sentence Retrieval Image Retrieval
R@l R@5 R@10 R@1l R@5 Re10

732 1912 30.83 576 20.00 33.32 19.39

M1 M2 M3 M4 M5 mR

vV 712 20.02 3098 575 2091 33.83 19.77
vV vV 750 1976 3175 639 2042 3482 20.11
vV N4 Vv 6.04 1930 3092 657 2329 36.63 20.46
Vv Vv vV v 834 21.04 3248 6.11 2157 36.19 20.95
vV

Vv 4 4 823 2031 3047 739 2328 3691 21.10

Table 6. Ablation experiment on RSITMD dataset.

Sentence Retrieval Image Retrieval
R@l R@5 R@10 R@l R@5 R@10

1195 2823 4111 1095 3494 5135 29.75
13.76 31.02 4257 11.05 36.08 51.81 31.05
16.59 32.08 4449 1155 37.70 53.05 32.61
12.83 33.19 48.89 1150 37.88 5491 33.20
1416 3451 48.23 1292 38.67 54.87 33.89
v 1549 3496 49.12 12.83 37.74 5553 34.28

M1 M2 M3 M4 M5 mR

L
L
OGS
<<
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This detailed breakdown aims to elucidate the contribution of each module to the
overall effectiveness of our approach.

e MI: Incorporates the GAT for text feature extraction.

e  M2: Pertains to image feature extraction supplemented with a multi-scale fusion
module.

e Ms3: Involves the attention correction unit.

e M4: Introduces the attention filtering unit.

e Mb>5: Adds a global similarity component.

On the RSICD dataset:

e With the inclusion of the M1 module, there was a rise in the mR score of the model
by 0.38.

e Upon the integration of the M2 module, the mR score experienced an increment of
0.72. This marked a 0.34 rise compared to the addition of M1 alone.

e Introducing the M3 module further augmented the mR score by 1.07. This denotes
an enhancement of 0.35 when stacked against the combined addition of M1 and M2.
Notably, at this juncture, the model topped the R@5 metric in the image retrieval task.

e The addition of the M4 module propelled the mR score by 1.56, showcasing an
improvement of 0.49 over the previous configuration. This configuration yielded the
best performance in the realm of text retrieval.

e  Finally, with all modules incorporated, the model’s mR score surged by 1.71. In terms
of image retrieval, the model outperformed its peers in the R@1 and R@10 metrics.

This progression underlines the cumulative efficacy of each module and their com-
bined influence in enhancing the model’s performance.
On the RSITMD dataset:

e With the integration of the M1 module, there was an increase in the mR score of the
model by 1.3.

e Upon adding the M2 module, the mR score surged by 2.86, marking an enhancement
of 1.56 compared to the sole addition of M1. Remarkably, during this phase, the model
achieved pinnacle performance in the R@1 metric of text retrieval.

e Introducing the M3 module further augmented the mR score to 3.45. This denotes a
rise of 0.59 when juxtaposed against the cumulative addition of M1 and M2.

e The inclusion of the M4 module propelled the mR score to 4.14, showcasing an
improvement of 0.69 over the prior configuration. At this stage, the model clinched
the top spot in the R@1 and R@5 metrics for image retrieval.

e  Ultimately, when all modules were incorporated, the model’s mR score reached 4.53.
It stood out in the R@10 metric for image retrieval and achieved premier results in
both R@5 and R@10 metrics for text retrieval.

This trajectory highlights the combined impact of each module in driving the model’s
performance on the RSITMD dataset to new heights.

4.6. Visual Analysis of Retrieval Results

In the following subsection, we provide a visual analysis to offer an intuitive com-
parison of performance disparities across several retrieval models. We have chosen the
GaLR, AMFMN, and LW-MCR models to compare against our proprietary model. These
experiments were performed on the RSITMD dataset, and the comparative visuals are
depicted in Figure 7. Within these visuals, a green box signifies a correct match, whereas
a red box indicates an incorrect match. This distinction aids in an immediate and clear
understanding of each model’s efficacy in retrieval tasks.
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Figure 7. Visualization of retrieval results.

Based on the visualized results, it is evident that our method is proficient in retriev-
ing accurate results even within intricate RS scenes. Our model’s overall visualization
underscores its ability to discern detailed and exhaustive correlations between images
and textual sentences, thanks to the attention correction and filtering mechanisms. When
juxtaposed with the GaLR, AMFMN, and LW-MCR models, our approach demonstrates
superior retrieval outcomes.

5. Conclusions

This study introduces a novel cross-modal retrieval model tailored for remote-sensing
image-text associations, leveraging attention correction and filtering. The model is struc-
tured around four primary components: an image feature extraction module, a text feature
extraction module, an attention correction unit, and an attention filtering unit. The image
feature extraction module utilizes the VIG as its encoder, this module incorporates a multi-
level node feature fusion design. This ensures the model’s comprehensive understanding of
remote-sensing images across multiple layers. The text feature extraction module employs
both BGRU and the GAT as encoders, this module enhances the model’s depth of textual
comprehension. The attention correction unit addresses mismatches in image-text pairings
caused by specific alignments between visual features and textual words. It accomplishes
this by adjusting the attention weights. The attention filtering unit enhances the precision of
cross-modal retrieval by reducing the influence of unrelated visual zones and text, thereby
streamlining the matching process within image-text pairs. Experimental evaluations con-
ducted on the RSICD and RSITMD datasets underscore the excellence of the ACF model.
Furthermore, ablation studies affirm the individual effectiveness of each module.
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Abstract: Low Earth Orbit (LEO) satellite equipped with image inference capabilities
(LEO-IISat) offer significant potential for Earth Observation (EO) missions. However, the
dual challenges of limited computational capacity and unbalanced energy supply present
significant obstacles. This paper introduces the Accuracy-Energy Efficiency (AEE) index
to quantify inference accuracy unit of energy consumption and evaluate the inference
performance of LEO-IISat. It also proposes a lightweight and adaptive image inference
strategy utilizing the Markov Decision Process (MDP) and Deep Q Network (DQN), which
dynamically optimizes model selection to balance accuracy and energy efficiency under
varying conditions. Simulations demonstrate a 31.3% improvement in inference perfor-
mance compared to a fixed model strategy at the same energy consumption, achieving a
maximum inference accuracy of 91.8% and an average inference accuracy of 89.1%. Com-
pared to MDP-Policy Gradient and MDP-Q Learning strategies, the proposed strategy
improves the AEE by 12.2% and 6.09%, respectively.

Keywords: LEO satellites; EO; image inference; energy efficiency; lightweight models

1. Introduction

Low Earth Orbit (LEO) satellite networks (LSNs) are a foundational enabler for achiev-
ing global seamless coverage in the sixth-generation mobile communication network
(6G) [1]. With the rapid advancement of technology and the continuous expansion of
application scenarios, LSNs have gradually transformed from traditional communica-
tion network forms into integrated networks that combine communication, sensing, and
computing functions [2].

In this context, the use of LEO satellites equipped with image inference capabilities
(LEO-IISat) offers significant advantages for Earth Observation (EO) [3]. Traditional EO
approaches require transmitting observation data to ground stations for image inference,
which consumes communication resources and results in high latency [4]. By performing
image inference directly on LEO-IISat, only critical results need to be transmitted [5]. This
approach reduces bandwidth pressure and inference latency, thereby improving real-time
performance and operational efficiency [6].

Although LEO-IISat has significant advantages in EO, it still faces two major challenges.
First, due to the limited physical size of LEO-IISat, their computational resources are
relatively constrained, making the execution of high-complexity convolutional neural
network (CNN) image inference tasks on LEO-IISat highly challenging [7]. Second, LEO-
IISat rely on solar panels for power, and their energy supply is subject to limitations.
Furthermore, because LEO-IISat alternate between sunlit and shadowed regions during
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their orbital operation, their energy supply experiences periodic fluctuations, which can
lead to interruptions or instability in image inference tasks, further complicating resource
allocation and task scheduling [8].

To address the challenge of limited on-board computational resources, Reference [9]
introduced a lightweight deep neural network (DNN) based on U-Net for satellite cloud de-
tection tasks. By compressing the dataset, the processing time was reduced from 5.408 s per
million pixels to 0.12 s, while average memory consumption decreased by approximately
30%. Similarly, Reference [10] focused on real-time images classification for meteorological
satellites. By reducing the neural network depth and the number of parameters, inference
time was reduced to 3.3 milliseconds, achieving 93.6% accuracy.

To address energy constraints and unstable supply, Reference [11] reduced energy
consumption by optimizing images distribution and compression parameters in real-time,
ultra-high-resolution EO scenarios. This optimization doubled the number of supported
images processing tasks and reduced energy use by 11% for volcanic imaging missions.
Reference [12] proposed an algorithm capable of minimizing satellite energy consumption
while meeting latency constraints, achieving up to 18% energy savings. However, Ref-
erences [9-12] focus primarily on individual challenges, and comprehensive studies on
optimizing EO missions under the dual constraints of LEO-IISat computational and energy
resources are still limited.

In this study, we employ MDP-QL and MDP-PG as benchmark methods to evaluate
the performance of MDP-DQN in satellite inference optimization. MDP-QL, as a value-
based reinforcement learning approach, is well-suited for discrete decision tasks in low-
dimensional settings, making it applicable to basic satellite operations such as mode
selection and module activation [13]. However, as the complexity of inference increases,
the high-dimensional state space exacerbates the “curse of dimensionality”, leading to slow
convergence and instability [14].

Meanwhile, MDP-PG, as a policy gradient method, is effective in continuous action
spaces but lacks efficiency when dealing with discrete optimization problems. Its reliance
on stochastic gradient estimation and high sample complexity leads to inefficient resource
utilization [15]. Furthermore, MDP-PG requires significant computational resources and
extensive hyperparameter tuning, which is impractical for real-time, resource-constrained
LEO satellite applications [16].

To overcome these limitations, we propose MDP-DQN, which leverages deep neural
networks to handle high-dimensional state spaces efficiently while maintaining stability
and fast convergence [17]. Its discrete action framework naturally aligns with satellite
inference tasks, making it a more suitable and efficient approach in this context [18].

This paper focuses on optimizing Earth Observation (EO) missions in LEO-IISat, ad-
dressing the dual challenges of limited computational capacity and unbalanced energy
supply. The main contributions are as follows: First, a lightweight and adaptive image
inference strategy, MDP-DQN, combining Markov Decision Process (MDP) and Deep Q
Network (DQN), is proposed to effectively handle these constraints. Second, simulation
results demonstrate that compared to a fixed model strategy, the adaptive strategy sig-
nificantly enhances inference performance. Moreover, MDP-DQN outperforms baseline
strategies (MDP-QL and MDP-PG), particularly when evaluated using the Accuracy-Energy
Efficiency (AEE) index. Finally, under high-load conditions, a performance analysis of
the accuracy and energy efficiency metrics of MDP-DQN, MDP-QL, and MDP-PG in LEO
satellite image inference tasks was conducted, along with an evaluation of their train-
ing stability, providing effective insights for optimizing intelligent inference in future
satellite applications.
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2. System Models and Mathematical Methods
2.1. LEO-1ISat Orbital Model

In Figure 1, the operational orbit of the LEO-IISat and its support for EO applications
are depicted. The LEO-IISat alternately passing through sunlit and shadow regions along
its orbit [19]. In both of these regions, the LEO-IISat is capable of capturing EO images and
utilizing multiple inference models for data processing and inference tasks, supporting
various EO applications [20].

Inference
Models 1

Inference
/ Models 2

Shadow Region

Inference
Models 3
Figure 1. LEO-IISat operational orbit and EO application support.
The orbital equation of the LEO-IISat is represented as [21]:
r(t) = (R+h)[1 —e-cos(a(t))] 1)

where r(t) represents the orbital radius of the LEO-IISat at a given time ¢, which is the
distance of the satellite from the Earth’s center. R is the Earth’s radius, h is the orbital
altitude, e is the orbital eccentricity, and «(t) is the true anomaly, which is the angle between
the LEO-IISat’s current position and the perigee.

The orbital period of the LEO-IISat is given by [22]:

(R+h)®

T, =2
s =N\ TGM,

@

where G is the gravitational constant and M, is the Earth’s mass.

2.2. LEO-1ISat Energy Model

Figure 2 illustrates the energy distribution of the LEO-IISat in both sunlit and shadow
regions. In the sunlit region, the solar panels generate electricity by absorbing sunlight,
and the Electrical Power System (EPS) distributes this energy to the images capture, image
inference, and communication modules, enabling LEO-IISat to efficiently execute image
inference tasks [23]. At the same time, the EPS stores any surplus energy in the onboard
batteries. In the shadow region, where sunlight is unavailable, the power system relies on
the energy stored in the onboard batteries to provide energy to all modules [24].
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Figure 2. LEO-IISat energy distribution in sunlit and shadow regions.

Let the initial battery energy of the LEO-IISat upon entering the sunlit region be E},
the maximum battery capacity be EZ*®¥, and the minimum battery energy required for
LEO-IISat operation be ER". Prior to entering the shadow region, the LEO-IISat must
charge its battery to EZ*®* to ensure sufficient energy availability.

The orbital period T is divided into N equal time slots, with At representing the dura-
tion of each time interval. The sequence of time slots is denoted as 7 = {t1,...,t;,..., N},
where t; represents any time slot.

Let P;(t) be the solar radiation received per square meter of the solar panel, given by:

Pr(t): Pmaxexp{_(ﬂs?%)z}/ 0<t < uTs 3)
0, uTs <t < T
where Pnay is the peak power received per square meter, u is the fraction of time in
the sunlit region during the orbital period, and ¢ is the parameter controlling radiation
intensity distribution.
If ¢; is within the sunlit region, 1 < i < uN, the energy captured in ¢; is:

Ee i-At p
i =nD Py (t)dt 4
f=ap [P0 @

where 7 is the efficiency of solar energy conversion, and D is the solar panel area.
A fixed battery charging mechanism is used, where each time slot adds the same
average energy to the battery. The charging energy during ¢; is:

(E%mx _ EOB)

The available energy for image inference during ¢; is:
E} = Ef — E/ (6)

If t; is within the shadow region, uN < i < N, a cyclic averaging mechanism is used.
Initially, the energy per time slot is averaged to determine the available energy for inference.
After deducting the inference energy, the average is recalculated for the next slot. This
process continues iteratively until the final time slot in the shadow region.

The available energy for image inference during ¢; is:
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where E, represents the energy consumption for any time slot from yN to i — 1.

2.3. LEO-11Sat Inference Model

LEO-IISat conducts EO missions based on its orbital operations, enabling real-time
collection of high-resolution imagery data for aerial, maritime, and terrestrial infrastructure.
This provides crucial support for achieving integrated air-sea-land traffic management [25].
To accomplish the image classification task—that is, the automatic recognition and clas-
sification of various objects in the collected images, LEO-IISat deploys M lightweight
candidate CNN models, denoted as M = {my,..., Mj, ..., m M}, where m; represents any
candidate CNN model [26].

Figure 3 illustrates image inference workflow on LEO-IISat.

Stage 1: Image Preprocessing. In this stage, the LEO-IISat captures raw remote sensing
images, which are subsequently segmented into smaller sub-images [27].

Stage 2: Image Inferencing. In this stage, the preprocessed sub-images are fed into the
onboard candidate CNN models for analysis. These models extract images features and
identify the target object categories within the images [28].

Stage 3: Information Feedback. In this stage, once the image inference process is
completed, the results, which include the identified target object categories, are transmitted
to the ground station for further analysis, while irrelevant information is discarded [29].

Stage 1: Image Preprocessing Stage 2: Image Inferencing Stage 3: Information Feedback
CNN models Inference result set
/ A
ﬂ ﬂ m %»%g%x , I B
ml j ¥3

1 eee [ eee ty

slot3 s &

t

{py‘k’tzjk’yzjk}

Figure 3. Image inference workflow on LEO-IISat.

The xView dataset, a widely recognized benchmark in remote sensing images analysis,
is used in this paper as the source of raw remote sensing images during the images
preprocessing stage [30].

The segmentation process of the raw remote sensing images is as follows: First, a
sliding window cropping technique was used to segment the raw high-resolution images
(3000 x 3000 pixels) into smaller sub-images (224 x 224 pixels) [31]. Then, min-max nor-
malization was applied to scale the pixel values of the segmented sub-images from the
range [0, 255] to [0, 1], ensuring a consistent input scale across all images. To enhance the
diversity of the dataset and improve the robustness of the model, random flipping and
random rotation were performed during preprocessing, simulating potential images trans-
formations encountered in real-world applications. Finally, the images were standardized
using mean and standard deviation, ensuring that the pixel values for each channel follow
a consistent distribution [32].
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Figure 4 displays four representative target object categories from the xView dataset,
covering critical categories in aerial, maritime, and terrestrial transportation [33]. The
identification of fixed-wing aircraft (a) helps track air traffic and assist in aviation safety
management. The recognition of ferries (b) aids in monitoring maritime traffic, optimizing
ferry routes, and ensuring safe operations in port areas. For buildings (c) and storage

tanks (d), LEO-IISat can identify and assess the condition of urban infrastructure and
industrial sites [34].

(c¢) Building (d) Storage Tank

Figure 4. Representative target object categories from the xView dataset.

Let the number of images to be processed at t; follow a Poisson distribution, as
given by:
e—/\i/\ini

®)

where n; represents the number of images in t;, and A; is the average number of images
in t;.

The sequence of images in any time slot to be processed is denoted asZ = { [y, ..., I, ... },
where [ represents any image.

The performance set for inferring the k-th image with model m; during ¢; is:

Ps = {Pijkr tijk/]/ijk}/l <i<NI1<j<M 9)
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where p;j is the inference power for the k-th image during ¢; using m;, ¢;j is the inference
time for the k-th image during t; using m;, and y;j is the inference result label for the k-th
image during t; using m;.

Figure 5 demonstrates the aforementioned performance data set (P, tjk, Yijx) in a
3D coordinate system, along with its relationships to the time slots (7°), models (M), and
image sequences (Z). Here, the axes i, j, and k correspond to the time slots (7)), models
(M), and image sequences (), respectively.

Figure 5. The performance data set for inferring in a 3D coordinate system.

The average image inference energy consumption using m; during ¢; is:

E =Kl 1<i<N1<j<M (10)

The image inference accuracy using model ; during ¢; is:

nj

Y Wy = xijk)

k=
A=t an

where x;j is the ground truth label, 1(yl-jk = xi]-k) is an indicator function that equals 1 if
Yijk = Xijx is satisfied, and 0 otherwise.

2.4. Problem Formulation

To quantify both accuracy and energy consumption, the AEE index is defined
as follows:
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Accuracy

AEE =
EE Energy

(12)
where Accuracy denote the inference accuracy (expressed as %), defined as the ratio of
correctly classified images to the total number of tested images. Energy represent the
energy consumed during inference (measured in Joules). The AEE represents the infer-
ence accuracy per unit of energy consumed, expressed in terms of Accuracy per Joule
(Accuracy/Joule)

In this paper, the AEE;; is derived from the basic formula of AEE, representing the
AEE value of selecting model m; in time slot ;. The formula is given by:

n;
X Wy = xijk)
AEE;; = E:” == (13)
i L (Pijk - tije)

k=1

BN

Since our study aims for general applicability and is not focused on a specific category
or domain, and the experiments are conducted on a dataset with a relatively balanced
class distribution, the accuracy A;; represents the unweighted average across different
image categories.

Assume there are two models, my and mj,, which are selected in time slot ;. m7 has
an accuracy of 92% while consuming 0.8 | of energy; m, has an accuracy of 88% while
consuming 0.5 ] of energy. The AEE values of m; and m; in time slot ¢; are represented as:

0.92 0.88
AEE|; = — =115, AEEp=—=1
1= 93 5, =55 = 176 (14)
Although in time slot t;, m; has a higher accuracy, its higher energy consumption
results in a lower AEE value compared to m,, thereby highlighting the advantage of m; in
time slot t7.

The objective function and constraints are as follows:

max % % 1(m; = m;)pt|tl~) - AEE;; (15)
i=1j=1

st Ay > A (16)

n; - Ej < Ef (17)

Vt;, 3lm; (18)

where 1(m; = m?pt | t;) is a conditional indicator function. It equals 1 if m; is optimal
during t;; otherwise, it is 0.

Function (16) represents the inference accuracy constraint, where A" is the minimum
required inference accuracy during ¢;. Function (17) refers to the inference energy consump-
tion constraint. Function (18) ensures that for each £;, only one model m; is selected.

2.5. Problem Solving

The overall process of our adaptive model selection strategy for satellite inference is
as follows: First, we select a set of initial candidate models. Subsequently, these candidate
models are trained on a unified remote sensing dataset (the xView dataset). After training,
each model is evaluated on a fixed test subset of the xView dataset using key performance
metrics. We formalize the model selection problem as a Markov Decision Process (MDP),
treating each discrete time slot within the satellite’s orbital period as a decision point. In
each time slot, a Deep Q-Network (DQN) dynamically selects the optimal model from the
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pre-trained candidate pool to adapt to the satellite’s current energy level, inference task
requirements, and expected inference accuracy.

The above problem is modeled as a Markov Decision Process [35].

The MDP consists of the tuple (S, A, T,r,7):

e S = {El, I} is the state space, where the state element E} represents the available
energy for inference in t;, and the state element I; represents the task distribution in ¢;.

e A=M={my---,mj- -, my} is the action space, representing the choices for the
adaptive strategy, which are the different CNN models.

o T = {TE,T]} is the state transition function, where T} represents the energy state
transition function, and T/ represents the task state transition function.

* r(i,j) is the reward function, representing the reward obtained by selecting CNN
model m;int;, as follows:

r(i,j) = 61 AEEjj + 85 (Ajj — Almim) (19)

where 41 is the weight coefficient for accuracy-energy efficiency, and 6, is the coefficient
for the deviation from the minimum accuracy.
® v is the discount factor, determining long-term rewards.

The MDP problem is solved using the DQN, in which the optimal strategy is learned
and the optimal CNN model is selected for each time slot.

Figure 6 illustrates workflow of the MDP-DQN strategy, with the specific steps de-
scribed as follows:

Step 1: Initialization. The MDP framework is initialized, including the state space
(S = {E¥, I;}), which represents environment states (E}) and internal states (I;); the action
space (A = M), representing all possible actions; the reward function (r(i, j)), which
measures the feedback of actions; and the state transition function (T = {TlE , TiI 1), which
defines how states change based on actions.

Step 2: Input Current State into DQN. The current state S = {E¥, I;} is fed into the
Deep Q-Network (DQN), representing the state of the MDP environment at time .

Step 3: Action Selection. Based on the current state S, the DQN selects an optimal
action a € A using the e-greedy strategy to maximize the expected cumulative reward. Sub-
sequently, the selected action 4 is executed, and the feedback reward r(i, j) is received. The
system state is then updated to Sy according to the state transition function T = {TF, T!}.

Step 4: Execute Action and Receive Feedback. Based on the reward r(i, j) and the
Q-value Qtarget (s',a") from the target Q-network, the target Q-value is calculated as follows:

y=r+vy n’}ﬁx Qtarget(sl/ Ll/) (20)

where Qtarget(s’ ,a') is the Q-value computed by the target Q-network, and v is the dis-
count factor.

Step 5: Store Experience. The experience tuple (S, At, 1, St11) (current state, action,
reward, next state) is stored in the replay memory buffer for future training. Then, a batch
of experiences is randomly sampled from the replay buffer, and the behavioral Q-network
is trained by minimizing the mean squared error (MSE) through gradient descent. The loss
function is optimized as follows [36]:

0« 0 — BV,E [(y —Qfs, a;9))2] 1)
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where 6 represents the parameters of the Q-network, f is the learning rate, Vy denotes
the gradient with respect to the parameters 0, E is expectation value, and Q(s, a; ) is the
Q-value function of the current Q-network.

Step 6: Experience Sampling and Training. Through continuous updates of the
network parameters 6, the DQN is progressively optimized to select the optimal model ;
at each time step #;, ensuring the maximization of the target Q-value.

Step 7: Task Completion Check. The system checks whether the task has been com-
pleted. If the task is completed, the results are output, and the process terminates. Other-
wise, the state is updated, and the process returns to Step 2, continuing the loop until the
task is completed.

MDP Framework DQN Model  Algorithm Flow

Data Transmission

State

1. Initialization Results

S={E'.1}
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I |
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Figure 6. MDP-DQN strategy workflow.

3. Results
3.1. Simulation Parameters

Table 1 presents the simulation parameters for the LEO-IISat used in Earth observation
missions, with an orbital altitude / of 500 km. The orbital period Ts is 5670 s, divided into
30 time slots [37]. During one orbital period, approximately 70% of the time is spent in
the sunlit region. The LEO-IISat is equipped with 100 m? solar panels, with an energy
conversion efficiency of 25% [38]. The solar panels are capable of generating a peak power
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of 1.36 kW [39]. the maximum battery capacity E5'®* is 10 kWh, while the minimum battery
energy required for LEO-IISat operation EZ" is 2 kWh.

Table 1. LEO-IISat parameters.

Parameter Value Parameter Value
h 500 km i 25%
Ts 5670s Prmax 1.36 kW
N 30 Eg™ 10 kWh
L 70% Epin 2kWh
D 100 m?2

Table 2 summarizes the image inference environment parameters used in the LEO-IISat
mission. The LEO-IISat incorporates three candidate CNN models: MobileNet_v3, Mo-
bileNet_v2, and ResNetl18, selected for their low computational complexity, which makes
them well-suited for resource-constrained LEO-IISat environments [40]. The onboard com-
puting device is the NVIDIA Jetson AGX Orin. The raw images from the xView dataset are
segmented into multiple sub-images in the preprocessing phase, providing input data for
the simulation experiments [41]. The LEO-IISat processes between 5 x 10*~5 x 10° images
per time slot, simulating the task distribution on LEO-IISat, with the exact number depend-
ing on the complexity of the tasks and operational requirements [42].

Table 2. Image inference environment parameters.

Parameter Name Parameter Value

Candidate CNN models MobileNet_v3; MobileNet_v2; ResNet18
Onboard computing device NVIDIA Jetson AGX Orin

Raw image dataset xView Dataset

Number of images processed per ¢; 5 x 10*~5 x 10°

Table 3 compares the performance of candidate CNN models used in the LEO-IISat,
focusing on accuracy, energy consumption, and delay, and these data serve as experimental
parameters for the subsequent adaptive selection strategy in this study [43]. These perfor-
mance metrics are obtained through actual measurements. The ranges for accuracy, energy
consumption, and delay were obtained by testing 1000 segmented images 100 times. The
ranges shown for accuracy, energy consumption, and delay represent the minimum and
maximum values observed across these tests. Energy consumption is measured per image,
and delay does not include any additional overhead (such as model loading time, data
transmission time, etc.); it represents the pure inference delay. MobileNet_v3 offers the
best accuracy with a delay ranging from 3.5 to 4.5 ms, making it ideal for tasks that require
high precision and real-time performance; however, its higher energy consumption may
limit its use in power-constrained LEO-IISat EO missions. In comparison, MobileNet_v2
strikes a better balance between accuracy and energy efficiency with a delay of 4 to 5 ms,
making it a good choice for EO missions where some loss in accuracy is acceptable. Finally,
while ResNet18 has the lowest accuracy, it is the most energy-efficient, with a delay ranging
from 6 to 8 ms, making it suitable for energy-constrained EO missions where delay is not
as critical.
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Table 3. Comparison of Accuracy, Energy, Delay, and EDP/A of candidate CNN models.

. EDP/A
CNN Models  Accuracy (%) Energy (J) Delay (ms) (J - ms/%)
MobileNet_v3 85.7~92.4 0.87~1.04 3.5~4.5 3.30~5.46
MobileNet_v2 75.3~91.7 0.79~0.9 4~5 3.45~5.98
ResNet18 72.2~89.5 0.69~1.0 6~8 4.63~11.08

To further evaluate these models, we introduce the Energy-Delay-Product per Accu-
racy (EDP/A) metric, defined as:

Energy x Delay

EDP/A =
Accuracy

This metric provides a comprehensive assessment by considering the trade-off between
energy consumption, processing delay, and accuracy. Lower EDP/A values indicate better
overall efficiency. The EDP/A values for the three models were calculated based on the
experimental data presented in Table 3.

According to the data in Table 3, we have plotted a boxplot to visually compare the
performance of different CNN models across multiple metrics, including Accuracy, Energy,
Delay, and EDP/A, as shown in Figure 7.
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Figure 7. Comparison of CNN model performance across multiple metrics.

Table 4 presents the parameters for the MDP-DOQN strategy applied to LEO-IISat. Here,
the weight coefficient for accuracy-energy efficiency d; is set to 1.5; the coefficient for the
deviation from the minimum accuracy J; is set to 10; the number of training episodes x
is set to 2000; the learning rate f is set to 0.001, which helps stabilize the training process;
the discount factor for future rewards <y is set to 0.99, placing greater emphasis on future
rewards; and the initial exploration rate € is set to 0.9, which encourages more exploration
in the early stages of training [44].
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Available Energy for Inference(Joule)

Table 4. MDP-DQN strategy parameters.

Parameter Value Parameter Value Parameter Value
] 1.5 K 2000 v 0.99
bo 10 B 0.001 € 0.9

3.2. MDP-DQN Strategy Results

Figure 8 presents the curves of available energy for inference, the adaptive model
selection, and the AEE index performance curves for different time slots during an orbital
period. The available energy for inference first increases in the sunlight region, reaching
a maximum of approximately 5.8 x 10° joules at the subsolar point (the 15th time slot),
and then begins to decrease. In the shadow region, the available energy for inference
remains relatively stable at approximately 3.2 x 10° joules. Under high-energy condition
(i-e., 3.7 x 10°~6 x 10° J), MobileNet_v3 is prioritized, supplemented by MobileNet_v2,
with MobileNet_v3 accounting for 70% and MobileNet_v2 for 30%. Under low-energy
condition (i.e., 0.4 x 10°~3.7 x 10° J), MobileNet_v2 and ResNet18 exhibit competitiveness.

Moreover, under high-energy conditions, the transient fluctuations in model selection
can be attributed to our adaptive inference strategy, which not only considers the available
energy level but also accounts for variations in the number of images processed in each time
slot. Changes in the number of images affect the AEE values, and since the image count in
each time slot follows a Poisson distribution, occasional variations in model selection may
occur even under high-energy conditions.
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Figure 8. Available inference energy versus average AEE index in different time slots of an orbital
period, and only one model is selected per time slot.
3.3. Comparison Results of Different Strategies

To validate the performance of the proposed strategy, the following baseline strategies

are considered for comparison experiments, all of which are solutions based on the MDP:

e The MDP-Q Learning strategy (MDP-QL): The Q-learning updates the Q-values of
state-action pairs to learn the optimal strategy [45].

e The MDP-Policy gradient strategy (MDP-PG): The policy gradient strategy directly
optimizes the policy parameters to maximize cumulative rewards [46].
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Both of these strategies are classical reinforcement learning algorithms widely used to
solve the MDP problem [47]. They enable a comprehensive evaluation of the MDP-DQN
strategy in terms of accuracy, convergence speed, and stability [48].

Figure 9 presents the relationship between the average number of images per time
slot and the AEE index for different strategies. As the average number of images per
time slot increases, the AEE index values of all strategies gradually decrease. This is
because processing more images with the same energy supply reduces accuracy, thereby
lowering the AEE index values. This indicates that in energy-limited situations, a balance
between task load and model complexity is necessary. Under low-load conditions (i.e.,
0.5 x 10°~1.5 x 10°), the performance gap between MDP-DQN and MDP-QL is small;
however, under high-load conditions (i.e., 1.5 x 10°~5 x 10°), the MDP-DQN strategy
estimates Q-values more accurately and performs better.
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Figure 9. Average number of images per slot versus average AEE index for different strategies.

To quantify measurement uncertainty, we conducted 30 independent experiments
under all load conditions and computed the 95% confidence intervals (Cls) using the
standard error of the mean. Across all load conditions (0.5 x 10°~1.5 x 10°), the average
AEE index values are 3.31 (95% CI: 3.26-3.36) for MDP-DQN, 3.12 (95% CI: 3.07-3.17) for
MDP-QL, and 2.95 (95% CI: 2.92-2.98) for MDP-PG. Consequently, MDP-DQN improves
the AEE index by approximately 6.1% and 12.2% relative to MDP-QL and MDP-PG.

Figure 10 illustrates the comparison of cumulative AEE scores between the MDP-DQN
adaptive strategy and the fixed model over 30 time slots within an orbital period. The
MDP-DQN strategy adaptively selects among three candidate models (MobileNet_v3,
MobileNet_v2, and ResNet18), while the fixed model consistently employs MobileNet_v2.
The final cumulative score for the MDP-DQN adaptive strategy is 142.34, while that for the
fixed model is 108.41. Therefore, compared to the fixed model, the AEE index of MDP-DQN
is improved by approximately 31.3%.
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Figure 10. Comparison of cumulative AEE scores between the MDP-DQN adaptive strategy and the
fixed model over orbital period time slots.

Finally, we repeated the experiments of the adaptive selection strategy over 30 com-
plete orbital cycles, and the results showed that the strategy achieved a maximum inference
accuracy of 91.8% and an average inference accuracy of 89.1%.

Figure 11 illustrates the performance trends of three different algorithms (MDP-DQN,
MDP-QL, and MDP-PG) as the average AEE index evolves with the increase in training
episodes. The x-axis represents the number of training episodes, while the y-axis measures
the algorithm’s performance metric—average AEE index. Overall, as the number of training
episodes increases, the performance of all algorithms improves, but their improvement
rates, final performance, and stability exhibit noticeable differences. A critical focal point
is observed at approximately (860, 3.62), where the performance of all three algorithms
converges. At this stage, the average AEE index values of MDP-DQN, MDP-QL, and MDP-
PG are similar, indicating a transitional phase in their performance trends. Beyond this focal
point, the trajectories of the algorithms diverge significantly. From the analysis, MDP-PG
performs best in the early training phase (0-500 episodes), with rapid and stable increases
in average AEE index. However, after the focal point, its performance plateaus, with no
significant improvement. In contrast, MDP-DQN demonstrates superior performance in
the middle and late stages of training, eventually stabilizing at the highest average AEE
index value, making it the most effective algorithm among the three. Additionally, while
MDP-QL shows rapid improvement, it suffers from high volatility throughout the training
process, particularly beyond the focal point, indicating a lack of stability.

Table 5 compares the variance of the AEE index across the three strategies (MDP-DQN,
MDP-QL, and MDP-PG) during training, with the variance calculated based on the average
of the previous and next sampling points (as shown in Figure 11). As shown in Table 5,
MDP-DQN exhibits the lowest variance and higher stability. The fluctuations in the training
process are mainly due to two factors: first, the transitional regions between sunlit and
shadow lead to abnormal energy fluctuations; second, the number of images processed in
each time slot varies irregularly.
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Figure 11. Different training episodes versus average AEE index for different strategies.

Table 5. Comparison of the average variance values of three strategies during training.

Strategies MDP-DQN MDP-QL MDP-PG
Variance 0.023 0.061 0.032

Figure 12 shows the Average AEE index of MDP-DQN, MDP-QL, and MDP-PG under
different learning rates and discount factors. The left panel (a) illustrates the Average AEE
index of the algorithms under varying learning rates (10~* to 10~2). MDP-DQN achieves
its highest AEE index at a learning rate of 10~3, marked as the Optimal Point. MDP-QL
and MDP-PG remain relatively stable and exhibit lower AEE index values compared to
MDP-DQN.The right panel (b) presents the Average AEE index under different discount
factors (0.90 to 1.00). MDP-DQN achieves its optimal value near a discount factor of 1.0,
marked again as the Optimal Point. MDP-QL shows a consistent trend across all discount
factors, while MDP-PG demonstrates a slight upward trend as the discount factor increases.
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Figure 12. Average AEE index under different learning rates and discount factors for differ-
ent strategies.
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Figure 13 illustrates the normalized performance comparison of MDP-DQN, MDP-QL,
and MDP-PG across four key metrics: AEE index, stability, memory usage, and training
time. MDP-DQN excels in AEE index and stability, indicating high accuracy and robustness,
but incurs higher memory usage and training time. MDP-QL shows balanced performance
across all metrics, while MDP-PG performs efficiently in memory usage and training time,
but lags behind in AEE index and stability. This visualization highlights the trade-offs
among the algorithms for different application priorities.

/ -&— MDP-QL

Yy N
\ 4
\/

Memory Usage

=fe— MDP-DQN

Training
Time

Figure 13. Normalized performance comparison of different strategies across four key metrics.

Table 6 presents the time complexity of the three algorithms, where L is the number of
network layers, N, is the number of neurons per layer, |S| is the size of the state space, and
|A| is the size of the action space. Both the MDP-DQN and the MDP-PG use deep neural
networks, resulting in a similar time complexity of O(L x N,2) [49]. As the complexity of
the network structures increases, so does the time complexity. In contrast, the MDP-QL
has a time complexity of O(|S| x |A|), directly related to the size of the state and action
spaces [50]. This algorithm performs well when the state and action spaces are small, but
the computing load increases as these spaces expand.

Table 6. Time complexity analysis of algorithms.

Algorithms DQON QL PG
Time complexity O(L x N?) O(|S| x |A]) O(L x N?)

4. Discussion

From an overall perspective, the AEE index value shows a positive correlation with
the available energy for inference. But under high energy condition, the AEE index perfor-
mance of the models fluctuates significantly, reaching a maximum of approximately 3.94
and a minimum of 3.42. This is due to variations in the number of images (as illustrated
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in Figure 8) and the tendency to select complex models with numerous parameters and
high-dimensional features, making them more susceptible to randomness and noise.

During the Table 3 evaluation, MobileNet_v3 demonstrated excellent accuracy (85.7%
to 92.4%), making it particularly suitable for complex and high-precision task scenarios,
such as disaster detection or urban development monitoring. While its energy consumption
(0.87 to 1.04 ] /image) was slightly higher, its performance on the Jetson AGX Orin remained
highly efficient, making it ideal for high-performance operational modes. In contrast,
MobileNet_v2 achieved high classification accuracy (75.3% to 91.7%) with lower energy
consumption (0.79 to 0.9 J/image), making it an ideal choice for resource-constrained
tasks, such as micro-satellite missions or scenarios requiring continuous operation over
extended periods. Meanwhile, ResNet18 exhibited balanced performance in terms of
energy consumption (0.69 to 1.0 ] /image) and accuracy (72.2% to 89.5%), making it suitable
for large-scale, rapid screening tasks or secondary tasks requiring high real-time processing
efficiency [51].

From the results presented in Table 4 and Figure 12, it is evident that the performance
of the DQN algorithm is highly sensitive to key parameters, such as learning rate and
discount factor. Regarding the impact of the learning rate, DQN achieves optimal energy
efficiency (maximum AEE) when the learning rate is set to 1073, indicating that this value
strikes a balance between stable convergence and rapid updates. In contrast, higher
learning rates (e.g., 10~!) result in a decline in performance, potentially due to unstable
convergence caused by overly aggressive parameter updates. Additionally, in terms of the
discount factor, DQN performs best at v = 0.99, demonstrating its ability to balance short-
term and long-term rewards during the optimization process [52]. This also highlights
DQN’s advantage in handling long-term temporal dependencies in complex tasks. In
comparison, the performance of QL and PG shows less sensitivity to these parameters
but remains significantly inferior to DQN overall. These results further underscore the
superiority of deep reinforcement learning in energy efficiency optimization and decision-
making accuracy, particularly in resource-constrained environments such as satellite edge
computing networks [53].

From Figure 11, it is evident that MDP-DQN excels in the later stages of training,
making it well-suited for tasks that require high stability and optimal final performance.
This robust performance can be attributed to the incorporation of experience replay and
target network mechanisms, which help smooth out fluctuations in Q-value estimates
as training progresses. In contrast, MDP-PG demonstrates rapid convergence during the
initial phase, rendering it more suitable for scenarios that demand quick progress. However,
its performance tends to plateau in later stages, suggesting that further tuning may be
necessary to maintain long-term stability. Meanwhile, MDP-QL shows rapid improvement
at the outset but suffers from significant volatility throughout the training process, likely
due to challenges inherent in Q-learning when operating in high-dimensional state spaces.
This indicates that MDP-QL might benefit from additional modifications or adaptive
parameter adjustments to achieve a stability level comparable to that of MDP-DON.

The training process of MDP-DQN exhibits a certain degree of volatility. As shown
in Figure 6, the training relies on several random factors: the intermittent energy supply
of the satellite introduces randomness in state transitions, and fluctuations in the number
of input data within each time slot result in inherent uncertainty in the reward feedback.
However, optimizing the learning rate and discount factor can help the model better cope
with these random factors in the environment. Therefore, to overcome these issues and
stabilize the training process, we selected the optimal learning rate and discount factor as
the experimental parameters for the adaptive selection strategy, as illustrated in Figure 12.
Finally, based on the convergence trend shown in Figure 11, MDP-DQN has essentially
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converged after approximately 1200 training episodes, exhibiting minimal fluctuations
with a variance of 0.023.

5. Conclusions

This paper introduces the AEE index to quantify inference accuracy unit of energy con-
sumption and evaluate the inference performance of LEO-IISat. The proposed MDP-DQN
strategy successfully integrates lightweight models and adaptive inference frameworks,
dynamically balancing computational and energy resources to address the challenges in
LEO-IISat for EO missions. The simulation results demonstrate the superiority of this strat-
egy, achieving a 31.3% improvement in inference performance compared to a fixed model
strategy at the same energy consumption, and achieves improvements over MDP-PG and
MDP-QL strategies, enhancing the AEE index by 12.2% and 6.09%, respectively.

The MDP-DQON strategy has substantial applications in real-time disaster monitor-
ing, precise climate analysis, and military reconnaissance. Future research will focus on
improving CNN architectures to adapt to diverse mission scenarios, optimizing real-time
images batch processing techniques, and enhancing system robustness under dynamic task
conditions. These advancements will further solidify the role of LEO-IISat as a cornerstone
for next-generation EO missions.
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Abstract: Remote Sensing Visual Question Answering (RS-VQA) is a research task that
combines remote sensing image processing and natural language understanding. The
increasing complexity and diversity of question types in Remote Sensing Visual Question
Answering (RS-VQA) pose significant challenges for unified multimodal reasoning within
a single model architecture. Therefore, we propose the Adaptive Conditional Reasoning
(ACR) network, a novel framework that dynamically tailors reasoning pathways to question
semantics through type-aware feature fusion. The ACR module selectively applies different
reasoning strategies depending on whether the question is open-ended or closed-ended,
thereby tailoring the reasoning process to the specific nature of the question. In order to
enhance the multimodal fusion process of different types of questions, the ACR model
further integrates visual and textual features by leveraging type-guided cross-attention.
Meanwhile, we use a Dual-Reconstruction Feature Enhancer that mitigates spatial and
channel redundancy in remote sensing images via spatial and channel reconstruction
convolution, enhancing discriminative feature extraction for key regions. Experimental
results demonstrate that our method achieves 78.5% overall accuracy on the EarthVQA
dataset, showcasing the effectiveness of adaptive reasoning in remote sensing application.

Keywords: remote sensing visual question answering; multimodal fusion; visual and
question reasoning

1. Introduction

Remote Sensing Visual Question Answering (RS-VQA) is an emerging research area
that bridges the fields of computer vision and remote sensing, where the goal is to compre-
hend complex remote sensing images and provide answers to natural language questions
related to those images. With the advent of advanced satellite imaging technologies and
the vast volume of remotely sensed data, RS-VQA has gained significant attention due
to its potential applications in environmental monitoring [1], disaster management [2],
and agricultural surveillance [3]. However, despite recent advancements, RS-VQA still
faces significant challenges due to the complexity of remote sensing images, which often
contain diverse objects, intricate spatial relationships, and varying scales of features. Re-
mote sensing images often contain diverse and intricate information at multiple spatial and
temporal scales. These images typically feature heterogeneous objects, such as buildings,
roads and water, with varying textures, shapes, and sizes. Additionally, the vast amount
of geospatial data captured from satellites or drones can present difficulties in effectively
extracting relevant features that are essential for answering specific questions. For instance,
questions related to land cover type recognition may involve differentiating between water,
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forest, and urban areas, while those focused on environmental changes might require
temporal analysis of image sequences. The dynamic nature of these tasks makes RS-VQA a
challenging problem, as it demands both precise image understanding and the ability to
reason about spatial and contextual relationships between objects in the scene. Furthermore,
the inherent multimodal nature of RS-VQA tasks—where both visual content and natural
language need to be processed simultaneously—compounds the difficulty of achieving
robust and accurate performance.

Recent research in RS-VQA has largely followed the trend of adapting deep learning-
based approaches originally designed for image captioning and Visual Question Answering
(VQA) to the remote sensing domain [4]. These methods typically rely on convolutional
neural networks (CNNs) for visual feature extraction and recurrent neural networks (RNNs)
for language understanding. These methods often struggle to effectively handle complex
problems that require multi-step reasoning or fine-grained relationship analysis. They tend
to perform better when dealing with simpler problems (such as determining the presence
of an object), but lack sufficient flexibility and accuracy when it comes to tasks that involve
complex reasoning processes (such as dynamic changes in spatial relationships). These
methods typically rely on static architectures and fixed spatial hierarchies, which cannot
dynamically adjust based on the semantic or contextual dependencies of the problem. They
are also unable to automatically adjust the weight of visual features or switch reasoning
paths according to the different intents of the problem.

While these models have shown promise, they often struggle to effectively integrate
the diverse, multi-scale, and highly detailed information embedded in remote sensing
images. Furthermore, existing approaches tend to apply a one-size-fits-all reasoning process
across different question types, which may limit their ability to perform nuanced reasoning
for complex or context-dependent questions. Existing unified frameworks employ static
fusion strategies (e.g., concatenation or fixed attention) that indiscriminately process all
question types, leading to suboptimal performance for context-dependent or multi-step
queries. For example, a closed-ended question like ‘Is there a hospital near the river?’
requires simple object co-occurrence detection, whereas an open-ended question like ‘How
does the distribution of residential areas correlate with road networks in this region?’
demands hierarchical spatial reasoning and semantic grounding. Traditional frameworks
fail to distinguish these fundamentally different reasoning requirements, resulting in
feature misalignment (e.g., over-emphasizing irrelevant regions for closed-ended tasks) or
insufficient interaction depth (e.g., shallow fusion for open-ended tasks).

The unified reasoning framework of traditional VQA struggles to dynamically adjust
the feature interaction methods for different types of questions, leading to limited gener-
alization ability of the model for complex questions. Adaptive type judgment alleviates
the mismatch between heterogeneous question types and a single reasoning mode by
customizing reasoning paths. To address these issues, we propose Adaptive Conditional
Reasoning (ACR), which aims to improve the flexibility and precision of reasoning in
RS-VQA tasks. Our method consists of two key components: a Type-Driven Conditioned
Reasoning module and a Text-Image Cross-Modal Reasoning module based on the type of
question. The Type-Driven Conditioned Reasoning module employs Transformer-based
type classification before multimodal fusion to adaptively route reasoning procedures
based on semantic intent. And the Text-Image Cross-Modal Reasoning module enables
fine-grained visual-linguistic interaction through attention-driven joint reasoning. More-
over, to mitigate spatial and channel redundancy in remote sensing images, we utilize
Dual-Reconstruction Feature Enhancer (DRE) to enhance visual feature extraction. By
leveraging cross-modal attention and adaptive reasoning strategies, our model is capable
of providing more accurate, interpretable, and context-sensitive answers. Specifically, our
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approach excels in handling complex spatial and relational queries, which are common

in remote sensing applications. Experimental results on the EarthVQA dataset demon-

strate that our method significantly outperforms existing approaches, highlighting the

effectiveness of adaptive reasoning in improving the performance of the RS-VQA system.
The key contributions of this paper can be summarized as follows:

(1) We propose an Adaptive Conditional Reasoning process which involves a Type-
Driven Conditioned Reasoning module and a text-image cross-modal reasoning
method based on the type of question. Before the fusion of multimodal features, incor-
porating a type judgment process enables adaptive selection of reasoning procedures
corresponding to different types of questions. By using image—text and text-image
attention, the module achieves symmetric interaction between visual and text features.

(2) Inorder to mitigate spatial redundancy and channel redundancy during image feature
extraction, we employ spatial reconstruction convolution and channel reconstruction
convolution, which enhance the model’s ability to focus on key areas in remote
sensing images.

(3) To demonstrate the superiority of our proposed framework, we conducted an evalua-
tion, comparing it with the other methods on the EarthVQA dataset. The results con-
firm the substantial improvement and advancement achieved by the Adaptive Condi-
tional Reasoning framework in Remote Sensing Visual Question Answering tasks.

2. Related Work
2.1. Visual Question Answering

Visual Question Answering (VQA) is a challenging task that requires joint image and
language understanding to answer questions about given photographs. Recent research
has focused on developing innovative models to improve the performance of VQA systems.
Ref. Antol et al. [5] introduced the concept of neural module networks, which compose
collections of jointly trained neural modules into deep networks for question answering.
By applying this approach, they achieved state-of-the-art results on challenging datasets
for VQA, including the VQA natural image dataset and a dataset of complex questions
about abstract shapes. The prevalent framework for the general VQA domain is joint
embedding [5]. This framework encompasses four key components: an image encoder,
question encoder, feature fusion, and answer component tailored to task requirements.
Established convolutional neural network (CNN) backbones, such as VGGNet [6] and
ResNet [7], function as image feature extractors. For the question encoder, widely adopted
language encoding models like LSTM [8] and GRU [9] are employed. Feature encoding
models are typically initialized with pre-trained weights and fine-tuned in an end-to-end
manner during training for enhanced performance. The fusion of question features and
image features is achieved through an attention mechanism. The answer component
commonly consists of a neural network classifier.

In summary, the majority of studies employ a transfer learning approach, where
models like VGGNet and ResNet are pre-trained on extensive natural image datasets and
subsequently fine-tuned using specific data.

2.2. Remote Sensing Visual Question Answering

Remote Sensing Visual Question Answering (RS-VQA) has emerged as a critical area
of research, leveraging the synergy between remote sensing imagery and natural language
processing to facilitate intelligent interpretation of geospatial data. Numerous advances
in deep learning and multimodal reasoning have been pivotal in the development of
RS-VQA systems.
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Early work [10] introduced an automatic method for generating a dataset for RS-VQA
using OpenStreetMap data. This innovative approach utilized deep learning techniques to
establish a foundational framework for training models capable of answering questions
based on remote sensing images. Expanding on this idea, they developed two distinct
RS-VQA datasets containing image—question-answer triplets, derived from both low- and
high-resolution satellite imagery. This expansion provided a broader range of data types,
facilitating deeper exploration into how image quality impacts the performance of RS-VQA
systems. Building upon the need for improved attention mechanisms in deep learning
models, Zheng et al. [4] proposed the Mutual Attention Inception Network (MAIN) for
RS-VQA. Their approach focused on enhancing the attention mechanism to better fuse
visual and textual information, a critical aspect for accurate question answering in remote
sensing contexts. Additionally, Lobry et al. [11] introduced a large-scale RS-VQA dataset
by extracting image—question—-answer triplets from the BigEarthNet dataset. This work
highlighted the scalability of deep learning models for RS-VQA tasks, enabling more
robust evaluations and improving model generalization across different types of remote
sensing data.

In terms of model architectures, recent research has explored more sophisticated
approaches to improve performance. Bazi et al. [12] proposed a bimodal Transformer-
based approach to RS-VQA. This method utilized contextual representations from both
the image and the question, allowing the model to capture intricate relationships between
the visual content and the linguistic queries. Similarly, Siebert et al. [13] introduced
a multimodal fusion Transformer that learned joint representations of the image and
the question modalities, addressing the challenge of aligning and understanding the
intricate relations between these two sources of information. In addition to question
answering, Zhan et al. [14] explored the task of visual grounding for remote sensing
data, focusing on the localization of objects within remote sensing images using natural
language queries. Their work extended the idea of integrating language with visual data
to not only answer questions but also provide spatial context and precise localization in
satellite imagery. This added a layer of complexity to the task, emphasizing the need for
fine-grained visual reasoning.

To improve spatial reasoning in RS-VQA systems, Zhang et al. [15] proposed a Spatial
Hierarchical Reasoning Network (SHRNet). Their approach enhanced the system’s ability
to perform visual-spatial reasoning by breaking down the image into different spatial hier-
archies, thus improving model performance on publicly available datasets and facilitating
more accurate spatial interpretations in response to complex questions. The application
of RS-VQA in specialized domains, such as post-disaster damage assessment, has also
garnered attention. Sarkar et al. [16] presented a supervised attention-based VQA model
designed for evaluating post-disaster damage from remote sensing imagery. Their ap-
proach emphasized the importance of efficient response and recovery strategies following
natural disasters, where accurate interpretation of satellite images could significantly aid in
emergency management and resource allocation. To extract useful landform information
from remote sensing images, many studies use semantic segmentation methods for prepro-
cessing, labeling different landform categories. This process helps the question answering
system more accurately locate regions related to the question, thereby improving the rele-
vance and accuracy of the answers. Ran et al. [17] proposed a novel Dual-Domain Image
Fusion (DDF) strategy, which leverages original remote sensing images, style-transferred
images, and intermediate domain information to enhance the self-training method.

Recent advancements in large-scale vision-language models have begun to influ-
ence the field of RS-VQA. Bazi et al. [18] introduced RS-LLaVA, a remote sensing-specific
adaptation of the Large Language and Vision Assistant (LLaVA) model. By integrating
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large-scale vision-language pre-training into the analysis of remote sensing imagery, RS-
LLaVA demonstrated substantial improvements in understanding complex remote sensing
scenarios. This work showcases the potential of applying cutting-edge multimodal models,
like LLaVA, to the specific challenges posed by remote sensing imagery, marking a signif-
icant step forward in the development of more powerful and scalable RS-VQA systems.
However, the era of large models also brings forth several challenges and issues. For
instance, the substantial volume of parameters in training models poses highly demanding
research conditions.

2.3. Multimodal Fusion and Reasoning

Multimodal fusion is a key aspect in various fields such as emotion recognition, hu-
man activity recognition, affective computing, and sentiment analysis. Different studies
have explored the effectiveness of various fusion strategies in improving recognition perfor-
mance and robustness in multimodal tasks. Jiang et al. [19] conducted a snapshot research
on multimodal information fusion for data-driven emotion recognition. They highlighted
the importance of integrating multiple modalities to enhance emotion recognition accu-
racy. Gadzicki et al. [20] compared early vs. late fusion in multimodal convolutional
neural networks for human activity recognition. They utilized RGB video, optical flow,
and skeleton data as modalities, emphasizing the significance of fusion timing in improv-
ing recognition outcomes. Mai et al. [21] proposed a locally confined modality fusion
network with a global perspective for multimodal human affective computing. Their
framework incorporated bidirectional multiconnected LSTM to address the multimodal
affective computing problem, focusing on both local and global fusion for comprehensive
information understanding. Huang et al. [22] utilized the Transformer model for multi-
modal fusion in continuous emotion recognition, showcasing the superiority of model-level
fusion over other strategies on the AVEC 2017 database. Additionally, Zhao et al. [23] pro-
posed a Text-guided Coarse-to-Fine Fusion Network for robust RS-VQA, which leverages
semantic relationships between question text and multi-source images for feature-level
fusion guidance.

Multimodal reasoning is a significant area of research in artificial intelligence, aiming
to integrate different modes of information processing to solve complex problems. Zhao
et al. [24] proposed a framework that combines case-based reasoning, rule-based reasoning,
and information retrieval to address challenges in evidence-based medical practice. Marling
et al. [25] further explored the role of case-based reasoning in multimodal reasoning
integrations, highlighting the various roles that case-based reasoning components can
fulfill in integrated systems. Nam et al. [26] introduced Dual-Attention Networks for
multimodal reasoning and matching, allowing visual and textual attentions to collaborate
during inference tasks like Visual Question Answering. Lippe et al. [27] and Zellers
et al. [28] delved into the detection of hateful memes and multimodal script knowledge
models, respectively, showcasing the need for joint visual and language understanding
in multimodal reasoning. Recent advancements in multimodal reasoning include the
development of Socratic Models and MM-REACT [29], which leverage language as an
intermediate representation to combine knowledge from different pre-trained models for
various tasks. Additionally, Zheng et al. [30] introduced Duty-Distinct Chain-of-Thought
Prompting for multimodal reasoning in language models, aiming to mimic human thinking
processes in Al systems. These studies collectively highlight the evolving landscape of
multimodal reasoning research and its applications across different domains [17].
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3. Methods

Currently, the questions in Remote Sensing Visual Question Answering (RS-VQA) are
becoming more complex, and the types of questions are no longer uniform. As a result,
it is necessary to unify different types of questions within a single model architecture. In
response, we propose the Adaptive Conditioned Reasoning (ACR) network (Figure 1),
which incorporates type classification during the multimodal feature fusion process to
adaptively select the reasoning process for different question types. This approach enables
the RS-VQA model to better understand and adapt to the characteristics of diverse question
types, thereby enhancing the efficiency and accuracy of the model during multimodal fea-
ture integration. Through this mechanism, the model can more precisely select appropriate
features and reasoning strategies, ultimately improving the overall performance of the
question answering system. The framework consists of three key components: (1) a Dual-
Reconstruction Feature Enhancer module for mitigating spatial and channel redundancy in
remote sensing images, (2) a Type-Driven Conditional Reasoning module to dynamically
select a reasoning procedure based on question semantic, and (3) a Text-Image Cross-Modal
Reasoning module for joint visual-linguistic interaction.
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Figure 1. The framework of the proposed Adaptive Conditional Reasoning module (ACR). We utilize
a type judgment process which enables adaptive selection of reasoning procedures corresponding to
different types of questions. Then, we use a type-guided cross-attention module with image-text and
text-image attention to enhance the representation of visual features and textual features.

3.1. Type-Driven Conditional Reasoning

The Type-Driven Conditional Reasoning module is the core component of our pro-
posed method, designed to dynamically adjust the fusion of visual features based on the
semantic content of different types of questions.

Elevating the model’s understanding capability is achievable by leveraging task-
specific skills tailored to different tasks. The model enhances multi-level reasoning ca-
pabilities through adaptive handling of different tasks based on its judgment of various
questions. The structure of the Type-Driven Conditional Reasoning module is shown in
Figure 2.
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Figure 2. Type-Driven Conditional Reasoning module.
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The role of the question encoding module is to transform natural language questions
into high-dimensional semantic vectors, facilitating effective interaction with image fea-
tures. This semantic vector serves as the input to the Adaptive Conditional Reasoning
module, which integrates with the image features to perform subsequent reasoning. The
question string is initially converted into a word embedding sequence.

W, = word embedding(w) = [q1,92, .-, q1] 1)

where g; represents the word embedding of the ith word.
For the word embedding sequence, we further process it to obtain efficient question
embedding, facilitating effective feature extraction.

Wi = encoder([q1, 92, -, q1]) = (61,602, ..., 0n) ()

The encoder relies on self-attention mechanisms to process input sequences in parallel,
overcoming the sequential nature of RNNs. This architecture is particularly effective for
word embedding, as it can simultaneously attend to all words in a sentence, capturing com-
plex relationships between them without relying on sequential processing. The Transformer
Encoder consists of multiple stacked layers, each composed of two main components:

The self-attention mechanism enables the model to weigh the importance of each
word relative to the others in the input sequence. Specifically, for each word w; in the input
sequence, self-attention computes a weighted sum of all words in the sentence, based on
their relevance to w;. The attention weights are calculated as follows:
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where Q; and K; are the query and key vectors of words i and j, respectively, and dy is the
dimension of the key vectors. The output is a context-sensitive representation of each word.

After applying self-attention, the output is passed through a fully connected feed-
forward network. The feed-forward network helps introduce non-linearity, allowing for
a richer transformation of the word representations. Each encoder layer also includes
residual connections and layer normalization to stabilize training and improve the flow
of gradients.

Due to the RS-VQA model’s limited ability to perform multi-layer reasoning, we adopt
separate reasoning modules to process closed-ended and open-ended questions.

Closed-ended questions typically start with verbs such as “Is”, “Are”, or “Does”,
while open-ended questions usually begin with question words like “How”, “Where”,
or “What”. Different question types (such as open-ended questions and closed-ended
questions) require different processing approaches. The distinction between these two types
can be captured through the use of question embedding. So, the Type-Driven Conditional
Reasoning module is responsible for selecting the appropriate reasoning strategy based on
the question type. It first classifies the question and then adopts different reasoning paths
based on the classification results. Specifically, the module takes the question as input and
outputs its question type (either closed-ended or open-ended).

For questions, we utilize the question feature extractor to obtain semantic features.
With the multi-head self-attention mechanism as the core, it effectively captures the depen-
dency relationships and semantic information among words in the questions, avoiding
long-term dependency on context from a global perspective. Therefore, it can better model
the semantics of questions. After extracting question features, an attention mechanism
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is used to assign important weights to different words to further emphasize the impor-
tant parts of each problem, such as “What is the area of buildings?”. Then, we further
incorporate an attention mechanism:

W = We® W, )

where W represents the concatenation of embedded features and question features along
the dimension.

Y = tanh(Wll/Nv)
Y =o(WoW) ®)
G=YoY

where © represents the Hadamard product. Next, add attention information to the features:

a = softmax((W,G)T) (6)

where « represents the attention score.

Gatt = Wit ()

att is the question feature with attention information. The question encoder in the module
reduces the long-term dependency of the question context, which is beneficial for subse-
quent reasoning processes. The obtained question embedding g, is passed through an
MLP to map it to a classification score. The classification probabilities are denoted as p,
where pg represents the probability of the question being a closed-ended question, and
p1 represents the probability of the question being an open-ended question. If py > py, it
indicates that the question is closed-ended. This can be represented by

0, po > p1
1, else

T(q) = ®)
where T(q) represents the probability that the question is an open-ended question versus a
closed-ended question. A T(g) of 0 indicates that a question is closed-ended, and a T(q)
of 1 indicates that a question is open-ended. The visual features and question features are
then subjected to corresponding multimodal fusion based on the classification results. The
network trains a module effective for open-ended questions (T(g) = 1) and the network
trains a module effective only for closed-ended questions (T(g) = 0). Through this module,
the model can determine the probability that the input question is an open or closed
question, thereby providing guidance for the targeted feature fusion process.

3.2. Text-Image Cross-Modal Reasoning Module

If the question type is open-ended (or closed-ended), then the visual feature is vopen
(Uclose), and the text feature is gopen (4close)- TO achieve fine-grained alignment between
visual and textual modalities, we design a bidirectional cross-attention architecture shown
in Figure 3:

First, map the visual feature vy to the query vector Qy, with the text feature gg serving
as the key K; and value V.

Qy = Wy, )
Ky = goW¥ (10)
Vi = qoW? (11)
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Then, calculate the cross-attention weights, allowing the visual features to focus on
relevant text information and integrate the textual context into the visual features. This
helps filter the visual regions that are semantically related to the text:

QvK]
Ao = Softmax (12)
02l f < \/E
v = ApVi (13)

W v
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Figure 3. Text-Image Cross-Modal Reasoning module.

After the cross-attention operation, the enhanced visual feature v; is obtained, which
contains rich information from the text modality.

Then, the text feature qg is mapped to the query vector Q;, with the visual feature vy
serving as the key Ky and value Vy.

Qr = qoW} (14)
KV = Z)()W‘k/ (15)
Vy = vWy (16)

We calculate the cross-attention weights to optimize the semantic representation
through visual features, integrating visual context information.

QLKy
Ay = Softmax( \jaTkV (17)
q =AWy (18)

The cross-attention operation allows the text features to integrate visual information,
thereby enhancing the representational power of the text features. After the cross-attention
operation, the enhanced text feature g; is obtained, which contains rich information from
the visual modality.

To prevent information loss, residual connections and layer normalization are added
to the output of each stage:

v1 = LayerNorm(vg + ') (19)
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q1 = LayerNorm(qo +q') (20)

In reasoning with the Type-Driven Conditioned Reasoning module, reasoning skill
is learned by simultaneously applying importance selection to the fused feature. The
module needs to dynamically adjust the handling of image features based on the semantic
content of the question. Different types of questions may focus on different regions of the
image, requiring the model to selectively attend to specific parts of the image. Through
this process, the model can flexibly select the relevant areas of the image based on the
semantic information of the question, thereby enhancing the specificity and accuracy of
the reasoning.

We combine the language and image features that capture the key information in
the problem to obtain a comprehensive feature representation. Specifically, we utilize a
common fusion module, denoted as A, to integrate the two modalities effectively. The
fused features are then fed into a classifier, denoted as D, for the final prediction.

s = Dg_(Ay,, (v1,41) © Gart) (21)

where o represents the element-wise product, s is the final predicted score, A is a commonly
used fusion module, and D is the classifier. Through this approach, the Type-Driven
Conditioned Reasoning module ensures that different types of questions are handled with
the most suitable reasoning strategy, thereby improving both the efficiency and accuracy of
the reasoning process.

The training objective minimizes cross-entropy loss for answer prediction, formu-
lated as

C
Lcg=— ) yiclog(pic) (22)
c=1

where C is the number of answer classes, y; . is the ground-truth one-hot label for the i-th
sample, and p; . is the predicted probability from the classifier D.

3.3. Dual-Reconstruction Feature Enhancer

Objects in remote sensing images often exhibit complex shapes, diverse land cover
types, and rich spatial information, making the visual feature extraction module particularly
critical. In this study, we employ a convolutional neural network based on the deep residual
network (ResNet-50) to extract multi-scale features from the images.

In this process, drawing inspiration from [31] to address spatial and channel redun-
dancy in image features, we devise a Dual-Reconstruction Feature Enhancer through spatial
reconstruction units and channel reconstruction units.

In the process of feature extraction from remote sensing images, we incorporate the
spatial and channel reconstruction convolution method to enhance the spatial and channel
representation capabilities of the features. Specifically, within each residual block of the
feature extraction network, spatial and channel reconstruction convolutions are applied
after the convolution operation to further process the extracted feature maps. By integrating
spatial and channel reconstruction convolution into the feature extraction process of remote
sensing images, we can effectively mitigate the impact of redundant features and improve
the deep network’s ability to represent remote sensing images. This improvement aids the
model in better understanding the types of ground objects, spatial structures, and various
environmental features within the images.

Spatial reconstruction convolution aims to enhance the spatial information repre-
sentation of an image by reconstructing the features along the spatial dimension. In the
process of remote sensing image feature extraction, spatial reconstruction convolution can
be applied to further process the feature maps, thereby reinforcing the spatial information
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in important regions and diminishing the influence of redundant areas. For instance, in the
case of high-resolution details in remote sensing images, spatial reconstruction convolution
enables the model to focus on fine-grained details of ground objects (e.g., buildings, roads,
water), while minimizing the interference from irrelevant background regions.

The spatial and channel reconstruction convolution module in the visual feature
extraction process is shown in Figure 4. Initially, the assessment of information content in
different feature maps is conducted using the scaling factor in Group Normalization. This
process separates feature maps with higher information content from those with lower
information content.

X—pu
Xout = GN(X) = y—r=+ 23
Yi ..
Wy = ——,i,j=12,.,C (24)
! Z]‘C:1 i
W = Gate(sigmoid(W,(Xout))) (25)

where X, represents the standardized input feature X, and W, obtained from Equa-
tion (24) indicates the importance of different feature mappings. The weights of the feature
mappings, adjusted through W, are mapped to the (0, 1) range by a sigmoid function and
gated by a threshold. We set the weights above the threshold to 1, yielding the information
weight W, and set them to 0, resulting in the non-information weight W.

o—
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. . ]
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- L |
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Figure 4. (a) Spatial reconstruction convolution and (b) Channel reconstruction convolution.

Subsequently, the addition of feature maps with more information and those with
less information is performed to generate feature maps with more information while
conserving space. The specific operation is cross-reconstruction, involving the weighted
combination of two different information features, resulting in a spatially refined feature
map. This approach effectively separates feature maps with higher information content
from those with lower information content, thus mitigating redundant features in the
spatial dimension.

XY =W ®X
§U=W2®X
XY UXg) = X9 (26)

X$ UXY = X2
le EB X(Uz — X(/J

where U represents concatenation, ® represents element-wise multiplication and @ is
element-wise summation.
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Channel reconstruction convolution optimizes feature representation by reconstruct-
ing the channel dimension, thereby reducing redundancy between channels. In the context
of remote sensing images, channel reconstruction convolution adjusts the weights of dif-
ferent feature channels, compressing or optimizing redundant channel information. For
the extracted multi-scale feature maps, some feature channels may contain duplicate or
overly similar information. Channel reconstruction convolution can adaptively learn which
channels are most critical for the final task, automatically suppressing redundant channels,
thus enhancing the expressiveness of the feature maps.

In the channel dimension, the spatially refined features of the input are split into
two segments: one with aC channels and the other with (1 — a)C channels, where « is a
hyper-parameter, and 0 < a < C, 1 x 1 convolution kernels are employed to compress the
channel numbers of the two sets of features, resulting in Xj,;, and Xj,.

We perform GWC and PWC separately, followed by adding the outputs. The fusion
operation utilizes global average pooling to integrate global spatial information and channel
statistics, yielding pooled S; and S;.

Sm = Pooling(Yy,) (27)

Then, we obtain feature weight vectors 1 and ;.

51

TS e’

P Po=1-p1 (28)
Finally, the output Y is acquired using the feature weight vectors, representing the

channel-refined features.
v=Y=p81Y]+ B2 (29)

where Y represents the visual features extracted by the model.

4. Experiment and Results
4.1. Setting

The model is implemented using pytorch and trained on a single GPU in the Ubuntu
22.04 environment. During the model training process, the learning rate decay algorithm is
employed, and the Adam [32] optimizer is used. During training, the batch size is set to 16,
and the initial learning rate of the model is set to 5 x 107°.

The accuracy of the model’s answers to questions is the most important and sole
evaluation metric, which is the mainstream evaluation standard for RS-VQA models. We
also use accuracy as the evaluation metric for the model, and it is calculated as follows:

S

Accuracy = —£ %100 (30)
Sall

where S; represents the number of correctly answered questions, and S,;; represents the

total number of questions.

4.2. Dataset

In this study, we use the EarthVQA [33] dataset as the primary data source for the
Visual Question Answering model.

The EarthVQA dataset consists of 6000 high-resolution remote sensing images, corre-
sponding semantic masks, and 208,593 question—answer pairs. These QA pairs are closely
related to urban and rural governance requirements, covering a wide range of tasks from
simple judgments and counting to more complex relational analysis. The dataset is an
extension of the LoveDA dataset and includes 18 urban and rural areas from cities in China,
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namely Nanjing, Changzhou, and Wuhan. Similar to common Visual Question Answering
(VQA) datasets, the distribution of answers in EarthVQA is imbalanced, posing additional
challenges for practical applications in the Earth’s environmental contexts. Figure 5 shows
an example image from the EarthVQA dataset along with the corresponding QA pairs.

Question Type: Basic Judging Question Type: Basic Counting

Q: Are there any buildings in this scene? Q: What is the area of buildings?

A: No. A: 0%-10%.

Question Type: Object Situation Analysis Question Type: Reasoning-based Judging
Q: What are the water types in this scene? Q: Is there any residential land in this scene?
A: There are ponds. A: No.

Question Type: Reasoning-based Counting Question Type: Comprehensive Analysis
Q: How many eutrophic waters are in this scene? | Q: What are the land use types in this scene?
A: 0. A: There are agricultural areas.

Figure 5. Example image and corresponding QA pairs from the EarthVQA dataset.

4.3. Accuracy Evaluation with Other Methods

To better evaluate the RS-VQA model’s robustness to various types of questions,
the accuracy is typically analyzed from six perspectives: basic counting, relational-based
counting, basic judging, relational-based judging, comprehensive analysis and object
situation analysis. All types of questions encompass both open-ended and closed-ended
questions. Open-ended questions are defined as question types without fixed answers,
meaning that the type of answer changes with the question, while closed-ended questions
are defined as question types with fixed answers, meaning that the type of answer remains
the same regardless of how the question changes (e.g., yes/no).

To comprehensively evaluate the performance of the ACR module, we conducted
comparative experiments with other methods on the EarthVQA dataset. Table 1 presents
the results of the EarthVQA dataset. The compared models include both general VQA
frameworks and specialized RS-VQA approaches:

(1) SAN [34]: SAN processes the input image and question through stacked attention
mechanisms, progressively enhancing the model’s focus on different visual information,
thereby enabling more accurate reasoning and answering in the given visual scene.

(2) MAC [35]: MAC introduces a memory module, which is used to store and transfer
relevant features of the image. The model gradually reads the image features and
stores them in the “memory” for subsequent reasoning and answering.

(3) MCAN [36]: MCAN is composed of a series of Modular Co-Attention (MCA) lay-
ers. Each MCA layer is capable of modeling the attention between the image and
the question.

(4) BUTD [37]: BUTD combines bottom-up and top-down attention mechanisms to
compute the salient regions in the image at the object level.

(5) D-VQA [38]: D-VQA constructs branches from questions to answers and from visuals
to answers, capturing the biases in language and vision, and applies two unimodal
bias detection modules to explicitly identify and remove negative biases.

(6) RSVQA [39]: A baseline model constrained by its shallow CNN feature extractor in
capturing high-resolution RS image details.

(7) SOBA [33]: SOBA generates object semantics using a segmentation network and
aggregates internal object features through pseudo-masks.
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Table 1. Accuracy of the existing methods on the EarthVQA dataset.

Methods Bas Co Bas Ju Rel Co Rel Ju Obj An Com An Overall Param. (M)
BAN 77.6 89.8 63.7 81.9 55.7 451 76.7 58.7
SAN 76.2 87.6 59.2 81.8 55.0 43.3 75.7 323
MAC 72.5 82.9 55.9 79.5 46.3 40.5 72.0 38.6

MCAN 79.8 89.6 63.8 81.8 55.6 45.0 77.0 55.2
D-VQA 77.3 89.7 64.0 82.1 55.1 43.2 76.6 37.8
SOBA 80.1 89.6 67.8 82.6 61.4 49.3 78.1 40.5
RSVQA 70.7 824 55.5 79.3 42,5 355 70.7 30.2
BUTD 77.2 90.0 60.9 82.0 56.3 423 76.5 349
ACR (ours) 79.7 89.8 68.0 83.6 61.6 49.2 78.5 479

Our experiments on the EarthVQA dataset demonstrate the superior performance
of the proposed ACR model in Remote Sensing Visual Question Answering tasks. ACR
achieves an overall accuracy of 78.5%, surpassing all baseline methods, particularly ex-
celling in tasks requiring complex spatial relational reasoning (68.0% for relational-based
counting and 83.6% for relational-based judging), outperforming the suboptimal model
SOBA by +0.2% and +1.0%, respectively. With only 47.9 M parameters (81.6% of BAN’s
58.7 M), ACR maintains leadership in high-level semantic tasks such as object situation
analysis (61.6%) through its dynamic relational reasoning module and multimodal feature
fusion strategy, achieving an optimal balance between parameter efficiency and task perfor-
mance. While slightly trailing behind specialized models like BUTD in basic tasks (79.7%
for counting and 89.8% for judging), ACR validates the effectiveness of its unified architec-
ture for multi-granularity geospatial reasoning. This work establishes a new paradigm for
building efficient and interpretable remote sensing QA systems.

While ACR achieves great performance in complex tasks (e.g., relational reasoning),
its modest improvement in Bas Co (79.7%) compared to MCAN (79.8%) and SOBA (80.1%)
stems from the inherent simplicity of basic counting tasks. These tasks often require local-
ized object detection rather than adaptive reasoning. TCR’s adaptive reasoning pathways
are more impactful for open-ended or relation-heavy questions, where nuanced cross-
modal interaction is critical. Future work will explore task-specific feature enhancement to
better balance performance across simple and complex tasks.

Based on the experimental evaluation results, we can make the following analysis.
First, the results for basic condition-type questions indicate that, in fundamental analyses of
remote sensing images (such as terrain type, vegetation cover, and building presence), our
method is able to effectively understand and reason about the basic condition information
within the image, accurately identifying the geographic phenomena queried by the ques-
tion. Secondly, for basic judging-type questions, our method achieves an accuracy of 89.8%,
demonstrating its effectiveness in reasoning about simple judgments within the image
(such as whether a specific feature is present or whether climatic conditions are met). In
making basic judgments on remote sensing images, particularly in low-resolution images or
those significantly affected by weather conditions, the model can make relatively accurate
inferences by carefully processing image features. Third, relational-based counting-type
questions typically involve reasoning about the relationships between multiple variables,
such as identifying spatial relationships between different features in remote sensing im-
ages (e.g., the relative position of water and urban areas). Our method performs well
in reasoning across complex geographical and spatial information. Finally, our method
exhibits significantly higher accuracy than other methods in answering comprehensive
analysis-type questions. This suggests that our approach is particularly effective in inte-
grating multidimensional information from remote sensing images, such as considering
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vegetation, buildings, road networks, and climatic conditions simultaneously, to conduct
comprehensive reasoning for complex questions.

Overall, our method outperforms traditional approaches such as SAN, MAC, and
MCAN on the EarthVQA dataset, demonstrating strong reasoning capabilities in Remote
Sensing Visual Question Answering. Remote sensing images often contain complex infor-
mation related to terrain, climate, and human activities. Our method is able to effectively
integrate image and question information, extracting key geographical details from these
complex data, thereby enabling more accurate reasoning.

4.4. Ablation Study

In order to evaluate the effectiveness of the proposed Adaptive Conditional Reasoning
network and new image feature extraction module, we conducted ablation experiments on
the model by removing the Dual-Reconstruction Feature Enhancer (DRE) and the Type-
Driven Conditioned Reasoning (TCR) module separately. We evaluated the performance of
the model in both cases, as shown in Table 2. “DRE” represents the accuracy after adding
the Dual-Reconstruction Feature Enhancer to the model. “TCR” represents the accuracy
after adding the Type-Driven Conditioned Reasoning module to the model. It can be
observed that removing both modules resulted in a decrease in the prediction accuracy of
the model to varying degrees.

Table 2. Ablation study of the proposed modules.

DRE TCR Bas Co Bas Ju Rel Co Rel Ju Obj An Com An Overall
78.9 89.0 64.2 82.7 57.4 47.6 77.3
v 79.2 89.3 64.6 81.7 57.5 48.3 77.4
v 80.4 90.2 67.5 82.8 60.3 48.5 78.4
v v 79.7 89.8 68.0 83.6 61.6 49.2 78.5

The ablation results in Table 2 reveal nuanced contributions of the Dual-Reconstruction
Feature Enhancer (DRE) and Type-Driven Conditional Reasoning (TCR) modules. The
results of the ablation study reveal that when the DRE module is used individually, the over-
all performance of the model is 77.4%. When the TCR module is enabled, the performance
slightly improves to 78.4%. The DRE improves basic counting questions (+0.3% without
DRE) and comprehensive analysis questions (+0.7%) by suppressing spatial-channel re-
dundancies, which is critical for tasks requiring fine-grained localization (e.g., counting
scattered buildings). However, its impact on relational-based judging questions is limited,
as relational judgments rely more on cross-modal interaction than spatial refinement. TCR
significantly boosts relational-based counting questions (+3.3%) and object situation analy-
sis questions (+2.9%) by dynamically aligning visual-textual features based on question
semantics. However, TCR provides minimal gains for basic judging questions (+0.9%),
as closed-ended questions (e.g., ‘Is there a road?’) depend less on adaptive reasoning.
However, when both modules are used together, the overall performance significantly in-
creases to 78.5%. This indicates that both DRE and TCR modules contribute to performance
enhancement when used individually, but their combined use demonstrates a synergistic
effect, leading to a substantial optimization of the model’s performance. This highlights that
DRE optimizes low-level feature discriminability, while TCR governs high-level reasoning
pathways—both are essential for complex tasks. Therefore, it can be concluded that all
the proposed modules contribute to the performance improvement of the Remote Sensing
Visual Question Answering system, with the most significant contribution coming from
the conditionally adaptive reasoning module, which effectively enhances the inference
capability of the Remote Sensing Visual Question Answering model.
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While ACR achieves great performance in complex tasks, its modest improvement in
Bas Co (79.7%) compared to MCAN (79.8%) and SOBA (80.1%) stems from the inherent
simplicity of basic counting tasks. These tasks often require localized object detection
rather than adaptive reasoning. TCR’s adaptive reasoning pathways are more impactful for
open-ended or relation-heavy questions, where nuanced cross-modal interaction is critical.
Future work will explore task-specific feature enhancement to better balance performance
across simple and complex tasks.

4.5. Accuracy of Different Types of Questions

To validate the adaptive reasoning capability of ACR for open-ended (closed-ended)
questions, we conducted fine-grained evaluation on the EarthVQA dataset, with results
shown in Figure 6 and Table 3. Case 1 corresponds to the ACR model’s average answer
accuracy for both open-ended and closed-ended questions, while case 2 represents the
average accuracy of open-ended or closed-ended questions when the ACR module is
removed. The experimental results demonstrate that the ACR model achieves improved
answer accuracy for both question types, with a particularly pronounced enhancement
observed for open-ended questions.

Table 3. The accuracy of different types of questions.

Types Open-Ended Closed-Ended Overall Accuracy
casel 84.1 65.9 78.5
case2 82.8 64.5 77.3

Accuracy of different type of questions
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Figure 6. The accuracy of open-ended and closed-ended questions. Case 1 represents ACR model’s
average answer accuracy and case 2 represents the accuracy without the ACR module.

5. Discussion

A comparison of various Visual Question Answering (VQA) methods on the Earth-
VQA dataset reveals that the method proposed in this study outperforms others in multiple
task types, particularly in relational-based judging, where it shows superior performance.
Additionally, it demonstrates a relatively balanced performance in more complex tasks such
as object situation analysis and comprehensive analysis, with an overall accuracy of 78.5%,
surpassing SOBA [33] (78.1%). While traditional methods such as SAN, BAN, and MCAN
excel in basic tasks like basic counting and basic judging, they show weaker performance
in complex scenario analysis. In contrast, RSVQA [39] consistently exhibits lower accuracy
across all task types, particularly struggling with more complex problem-solving tasks.
Overall, the proposed method exhibits strong capabilities in handling complex VQA tasks,
establishing itself as a competitive approach in the field. This indicates that our proposed
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framework, utilizing Adaptive Conditional Reasoning at multiple levels, enables the model
to better comprehend questions during the VQA process, thereby enhancing the model’s
multi-level reasoning capability.

Moreover, ACR’s adaptive reasoning capabilities hold significant practical value in
disaster response. For instance, during post-earthquake assessments, emergency teams
could input a satellite image of an affected area and ask questions like ‘How many buildings
show severe structural damage?’ or ‘Are there accessible roads connecting evacuation
zones?’. ACR’s ability to dynamically parse spatial relationships (e.g., collapsed buildings
blocking roads) and quantify damage (e.g., counting damaged roofs) would enable rapid,
actionable insights. VQA systems accelerated post-disaster damage assessment, but ACR’s
adaptive reasoning offers superior scalability for complex, dynamic scenarios.

5.1. Qualitative Result Visualization

In order to demonstrate the effectiveness of our proposed Adaptive Conditional
Reasoning method in remote sensing image Visual Question Answering, we present six
remote sensing images along with their corresponding questions, predicted results, and
correct answers (Figure 7). In these examples, the predicted results are fully consistent
with the correct answers, which validates the outstanding performance of our method in
complex remote sensing image analysis tasks.

Q: Are there any buildings in this scene? Q: What is the area of playgrounds?
[

Pre: Yes  Ans: Yes Pre: 0%-10% Ans: 0%-10%

Q: Are there any playgrounds in this scene? | Q: How many eutrophic waters are in this
scene?

Pre: No Ans: No Pre: 0 Ans: 0

Figure 7. Qualitative result visualization on the EarthVQA dataset.

Our method introduces two key components: the question-based conditional Trans-
former reasoning module and the type-based conditional Transformer reasoning module.
The synergy between these modules enables the model to flexibly adjust its reasoning
strategy when facing different types of questions, thereby enhancing the accuracy of re-
mote sensing image interpretation. The question-based conditional reasoning module
dynamically adjusts the fusion of image features based on the semantic content of the
question, allowing the model to more accurately focus on and process contextually relevant
information. In remote sensing tasks, images contain vast amounts of geospatial informa-
tion, and questions may concern specific geographic areas or particular object features.
The question-based conditional reasoning module adapts the selection and processing of
image features based on the specific requirements of the question, ensuring that the final
prediction is closely aligned with the actual query.

The type-based conditional reasoning module selectively applies different reasoning
strategies depending on whether the question is open-ended or closed-ended. Open-
ended questions typically require the model to provide detailed explanations or reasoning
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processes, whereas closed-ended questions demand a clear, definitive answer. In Remote
Sensing Visual Question Answering tasks, the difference in question types may involve
tasks such as land cover type recognition, regional change analysis, or classification based
on specific conditions. The type-based conditional reasoning module ensures that the
model selects the appropriate reasoning path based on the nature of the question, thus
improving both the accuracy and interpretability of the predictions.

Through the collaboration of these two modules, our method is able to flexibly adapt
to the diverse demands of different questions and achieve strong performance in remote
sensing image VQA tasks. In the demonstrated examples, our model successfully identifies
key features in the images and performs reasonable inferences based on the content of the
question, ultimately generating predictions that are consistent with the actual answers. For
instance, in a remote sensing image of urban buildings, the question “How many eutrophic
waters are in this scene?” is answered by the question-based conditional reasoning module,
which allows the model to focus on the water bodies in the image and accurately extract
relevant information. In another closed-ended question regarding buildings, the model
uses the type-based conditional reasoning module to directly provide a clear answer on the
presence of buildings.

5.2. Attention Visualization on the EarthVQA Dataset

To validate the effectiveness of Adaptive Conditional Reasoning in Remote Sensing
Visual Question Answering tasks, we designed a multi-level attention visualization scheme
to intuitively demonstrate the model’s ability to model cross-modal associations (Figure 8).
The first column displays the input original images, the second column shows the attention
maps from the first cross-attention layer, and the third column presents the attention maps
from the final layer. As illustrated in the figure, as the network depth increases, the model
progressively focuses on semantically relevant regions while suppressing attention to irrel-
evant areas. This gradual shift in focus illustrates the model’s ability to dynamically adjust
its attention, ensuring that it selectively emphasizes the most pertinent visual information
based on the given textual input. This observation demonstrates the effectiveness of our
proposed model in Remote Sensing Visual Question Answering tasks.

W

original image Are there any roads in this scene?

What is the area of the forest?

original image

Are there any buildings in this scene?

Figure 8. Attention map visualization of the EarthVQA dataset. The darker the red color, the higher
the attention level in that area.
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6. Conclusions

In this paper, we propose Adaptive Conditional Reasoning that effectively solves the
lack of multi-level reasoning capabilities in Remote Sensing Visual Question Answering
tasks. The primary goal of our research was to develop a more effective and contextually
aware VQA model that can reason both with the content of images and the specific nature
of the questions. Through this approach, we aim to improve the accuracy and relevance
of answers provided by VQA systems, particularly for complex questions that involve
various reasoning types and multiple object relationships.

Our method consists of two key components: a Type-Driven Conditioned Reasoning
module and Text-Image Cross-Modal Reasoning module based on the type of question. The
Type-Driven Conditioned Reasoning module employs transformer-based type classification
before multimodal fusion to adaptively route reasoning procedures based on semantic
intent. And the Text-Image Cross-Modal Reasoning module enables fine-grained visual-
linguistic interaction through attention-driven joint reasoning. Moreover, to mitigate spatial
and channel redundancy in remote sensing images, we utilize the Dual-Reconstruction
Feature Enhancer to enhance visual feature extraction. By leveraging cross-modal atten-
tion and adaptive reasoning strategies, our model is capable of providing more accurate,
interpretable, and context-sensitive answers.

Despite the promising results, our method has several limitations. First, the binary
classification of question types (open-ended and closed-ended) may oversimplify the
diversity of real-world queries, especially for ambiguous questions that blend both types.
Future work will explore finer-grained question categorization. Expanding the model
to handle more diverse and nuanced question types—such as those involving complex
multi-step inference—would provide significant improvements in real-world applicability.
Finally, we aim to investigate the generalization capability of our model across various
datasets and domains, ensuring that the proposed method is robust and adaptable to
different VQA tasks.
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Abstract: Aerial image object detection faces significant challenges due to notable scale
variations, numerous small objects, complex backgrounds, illumination variability, motion
blur, and densely overlapping objects, placing stringent demands on both accuracy and
real-time performance. Although Transformer-based real-time detection methods have
achieved remarkable performance by effectively modeling global context, they typically
emphasize non-local feature interactions while insufficiently utilizing high-frequency local
details, which are crucial for detecting small objects in aerial images. To address these limi-
tations, we propose a novel VMC-DETR framework designed to enhance the extraction and
utilization of high-frequency texture features in aerial images. Specifically, our approach
integrates three innovative modules: (1) the VHeat C2f module, which employs a frequency-
domain heat conduction mechanism to fine-tune feature representations and significantly
enhance high-frequency detail extraction; (2) the Multi-scale Feature Aggregation and
Distribution Module (MFADM), which utilizes large convolution kernels of different sizes
to robustly capture effective high-frequency features; and (3) the Context Attention Guided
Fusion Module (CAGFM), which ensures precise and effective fusion of high-frequency
contextual information across scales, substantially improving the detection accuracy of
small objects. Extensive experiments and ablation studies on three public aerial image
datasets validate that our proposed VMC-DETR framework effectively balances accuracy
and computational efficiency, consistently outperforming state-of-the-art methods.

Keywords: aerial images; object detection; high-frequency feature extraction; multi-scale
feature fusion; contextual attention

1. Introduction

Aerial image object detection [1,2] plays a vital role in remote sensing, supporting
various modern applications including drone-assisted detection, satellite remote sensing
analysis, and smart city monitoring. It also significantly impacts critical areas like agri-
cultural development [3,4], environmental monitoring [5,6], disaster assessment [7,8], and
military reconnaissance [9,10], providing essential support for efficient and accurate remote
sensing data analysis. However, aerial image detection inherently presents enormous
challenges due to significant size variations in high-resolution imagery, abundant small
objects, interference from complex backgrounds, illumination variability, motion blur, and
dense overlaps among objects. These features pose severe requirements on both detection
accuracy and real-time inference performance simultaneously [11].
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Compared with traditional object-detection methods relying on manual features or
shallow learning models, deep learning methods have demonstrated remarkable superior-
ity in modeling accuracy due to their powerful feature representation capabilities [1,12].
Among recent deep-learning techniques, Transformer-based approaches [13] have rapidly
become research hotspots thanks to their outstanding performance in global feature model-
ing and capturing long-distance dependencies, and are commonly referred to as Detection
Transformer (DETR) in the context of object detection. Compared with CNN-based meth-
ods, Transformer architectures can more effectively capture global context information,
thus significantly improving accuracy in scenarios involving occlusions and small object de-
tection. In particular, Zhao et al. introduced RT-DETR [14,15], demonstrating the possibility
of achieving real-time detection with DETR architectures.

Although Transformer modules in DETR-based methods excel at modeling non-local
dependencies, their detection performance degrades significantly in aerial remote sensing
scenarios. This performance gap stems from two structural limitations: (1) the inadequate
capacity of CNN-based backbones to extract fine-grained local features, leading to weak
initial representations of small or densely packed objects; and (2) the restricted ability of
existing feature aggregation and fusion strategies to preserve and enhance these details
across scales, resulting in further information degradation during multi-level integration.
These challenges are further exacerbated by the fact that most state-of-the-art DETR models
are trained and evaluated on natural image datasets, which differ fundamentally from
aerial imagery in object scale, texture distribution, and especially in the frequency domain.

As illustrated in Figure 1, aerial images often contain numerous small, densely packed
objects and exhibit concentrated high-frequency textures, whereas natural images (e.g.,
COCO val2017 [16]) feature more distinct object boundaries and smoother variations. The
Laplacian-based frequency analysis highlights this discrepancy across datasets, including
AI-TOD val [17] and VisDrone val2019 [18], confirming the unique high-frequency proper-
ties of aerial imagery. These characteristics expose real-time DETR frameworks to several
practical challenges: (1) Existing studies have shown that conventional CNN-based feature
extractors (e.g., ResNet [19], C3 [20], C2f [21]) tend to emphasize low-to-mid frequency
components [22] and may introduce artifacts [23], hindering accurate localization of small
targets. (2) The effectiveness of high-frequency extraction is highly sensitive to convolu-
tional kernel sizes [24], and modules like ASFF [25], PAFPN [26], and BIFPN [27] fail to
capture multi-scale fine details comprehensively. (3) Prior research has also indicated that
simplistic fusion strategies (e.g., direct concatenation or linear weighting [28,29]) tend to
mix high-frequency signals across scales indiscriminately, leading to feature aliasing and
the loss of distinct texture cues critical for accurate modeling.

These observations reveal a core scientific challenge: the mismatch in high-frequency
feature distributions between natural and aerial images, coupled with the inherent ar-
chitectural limitations of CNN-based frameworks, results in a performance bottleneck
for existing real-time DETR models in aerial object detection. To address these critical
limitations, this work proposes a novel framework, VMC-DETR, which is inspired by the
recent RT-DETR architecture and advancements in lightweight module design [30-32].
It explicitly enhances the extraction, aggregation, and fusion of high-frequency texture
information, and incorporates three carefully designed modules: the VHeat C2f Module,
the Multi-scale Feature Aggregation and Distribution Module (MFADM), and the Context
Attention-Guided Fusion Module (CAGFM). Specifically, the main contributions of this
work are as follows:

e VHeat C2f, which introduces frequency-domain heat conduction into the backbone. It
enhances local high-frequency detail extraction, solving the problem of blurred edges
and weak features in small and densely packed objects.
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e MFADM, which employs large and diverse depthwise convolutions for multi-scale fea-
ture aggregation. It selectively preserves informative high-frequency features of small
objects across scales, balancing detail sensitivity and redundancy in aerial images.

e CAGEFM, which employs a lightweight attention mechanism to integrate contextual
information across scales. It refines the representation of small and overlapping targets,
improving detection accuracy in complex aerial scenes.

e  Extensive comparisons with state-of-the-art real-time DNN-based methods on bench-
mark remote sensing datasets AI-TOD, VisDrone-2019, and TinyPerson across small
object-detection tasks demonstrate that the proposed VMC-DETR framework achieves
outstanding detection performance while maintaining real-time inference speed.
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Figure 1. Comparison of frequency component distributions in object and background regions
between natural and remote sensing images. The object regions annotated in the ground truth labels
are marked by green rectangular boxes. High-frequency features are extracted using the Laplacian
operator. The high-frequency feature maps are obtained by extracting frequency-domain responses
separately from the R, G, and B channels, where brighter colors indicate stronger high-frequency
components. The frequency distribution plots are computed from grayscale images, and larger x-axis
values correspond to higher-frequency features.

2. Related Work

Relevant prior work includes one-stage and two-stage object-detection algorithms for
aerial image object detection, as well as DETR-based algorithms.

2.1. CNN-Based One-Stage Object-Detection Methods

One-stage object-detection algorithms have shown high detection efficiency in aerial
image object detection and have achieved a series of improvements in recent studies.
For example, EL-YOLO [33] designs a sparsely connected progressive feature pyramid
network and a cross-space learning multi-head attention mechanism based on YOLOV5 [20],
which eliminates cross-layer interference during feature fusion and enhances contextual
connections between object scales. It is deployed on an embedded platform, demonstrating
the model’s real-time performance. FCOSR [34] introduces a novel label assignment
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strategy tailored to the characteristics of aerial images, significantly improving the detection
of overlapping objects and enhancing the model’s robustness in complex scenes. Drone-
TOOD [35] introduces an explicit visual center module in the neck network to capture local
object information, boosting the model’s capability to detect dense objects and achieving
outstanding performance in aerial image object detection in crowded scenes. SDSDet [36]
proposes a neighborhood erasing module that optimizes the learning of multi-scale features
and improves detection accuracy by preventing redundant gradient feedback between
adjacent scales.

However, these one-stage methods usually focus on optimizing the multi-scale fea-
ture fusion strategy of the feature pyramid and improving the label assignment strategy.
Despite these advances, they do not make full use of the feature extraction stage and fail
to distinguish edge information between objects and backgrounds effectively. The weak
foundation not only limits the object feature information that can be used in the subsequent
feature fusion and detection stages but also allows excessive background information to
interfere when fusing contextual feature information. As a result, they still struggle to
flexibly and effectively handle high-density aerial images with complex backgrounds, and
the detection results remain suboptimal. These limitations highlight the need to pave the
way for subsequent feature fusion through more effective feature extraction and refinement
of small object features, thus shaping our research direction for VMC-Net to address the
shortcomings of these aerial object-detection methods.

2.2. CNN-Based Two-Stage Object-Detection Methods

Two-stage object-detection algorithms have stronger feature extraction capabilities
in aerial image object detection and have achieved a series of optimizations in recent
studies. For example, TARDet [37] introduces a feature refinement module and an aligned
convolution module, which are used to aggregate and enhance contextual information,
respectively, achieving outstanding performance in the task of rotational object detection
in aerial images with large-scale variations. AFOD [38] integrates spatial and channel
attention modules into the Faster R-CNN network, enhancing the network’s ability to
perceive object features in remote sensing images and improving detection accuracy in
complex scenes. Another work [39] incorporates a dynamic detection head into the Oriented
R-CNN framework, effectively addressing the problem of object occlusion in aerial images.
MSA R-CNN [40] proposes an enhanced feature extraction method that optimizes the
feature processing process and reduces information loss in the FPN, thereby improving the
detection performance of multi-scale objects.

However, these two-stage methods typically come with high computational costs and
time complexity, especially when processing high-resolution aerial images. This limits their
real-time performance, making them less suitable for time-sensitive applications. While
recent studies introduce modules that enhance feature extraction and contextual awareness,
these improvements often increase computational demands. These issues highlight the
need for detection methods to balance object feature richness and computational overhead,
which leads us to design VMC-DETR as a lightweight yet effective aerial object detector.

2.3. Transformer-Based One-Stage Object-Detection Methods

It is worth noting that DETR (DEtection TRansformer) and its variants belong to the
category of one-stage object detectors, as they directly predict objects from image features
without relying on a region proposal stage. Therefore, we reorganize the related work
accordingly, separating CNN-based methods and Transformer-based methods while clearly
categorizing DETR as a one-stage method. The DETR series of object-detection algorithms
has the advantage of global information modeling in aerial image object detection and
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has made breakthroughs in many aspects in recent studies. For example, OVA-DETR [41],
inspired by the concept of text alignment, introduces a region-text contrastive loss and a
bidirectional vision-language fusion module to address the limitations of DETR models
in open-world object detection. QETR [42] incorporates query alignment and a scale
controller to enhance the ability of local queries to capture object information, thereby
improving detection performance in aerial images. Another work [43] based on DINO
designs a backbone network that combines CNN and ViT, leveraging the local feature
extraction capabilities of CNNs and the global modeling strengths of ViTs, thus enhancing
the network’s ability to extract both global and local features. AODet [44] first uses Rol
to remove background areas that do not contain objects, then employs a Transformer to
integrate the contextual information of the foreground regions, enabling effective detection
in aerial images with sparse objects.

However, these DETR-based methods often struggle with slow convergence and poor
handling of high-frequency details and multi-scale features, limiting their effectiveness
in aerial images with densely occluded objects. Although recent work introduces im-
provements such as region-text contrastive loss, query alignment, and hybrid backbones
combining CNN and ViT, these approaches still have difficulty processing fine-grained
features across different scales efficiently. Additionally, their reliance on large-scale global
modeling makes it challenging to detect small, overlapping objects in complex scenes.
These limitations emphasize the need for VMC-DETR to not only make full use of infor-
mation about objects of different scales in aerial images to more accurately detect objects
with dense occlusions but also to improve the convergence speed of the detector for
practical deployment.

3. Method
3.1. The Ouverall Architecture of VMC-DETR

VMC-DETR is a one-stage object-detection framework. Its overall architecture is
shown in Figure 2. In the feature extraction stage, VMC-DETR employs a C2f backbone
network based on visual heat conduction operations [45] to refine the feature map. This
unique backbone enables the model to enhance its ability to capture high-frequency features
that represent fine-grained details, improving its effectiveness in handling small-scale
objects. After extracting features from the input image, these features are passed to the
attention-based intrascale feature interaction (AIFI) module [14], which is responsible for
facilitating effective interactions between features of different scales. This module ensures
that the model can balance the contextual information across scales, thus providing robust
feature representations that are essential for accurate detection.

In the neck network, VMC-DETR leverages two MFADM blocks. These modules
operate at the P4 layer, aggregating and distributing features from the P3, P4, and P5 layers
to improve multi-scale feature fusion. By using the MFADM modules, VMC-DETR is
able to achieve efficient integration of features at different resolutions, which is crucial
for detecting objects of varying sizes. Additionally, four CAGFM blocks replace standard
feature fusion methods in the neck. These CAGFM modules use contextual attention
mechanisms to guide the fusion of features, enhancing the model’s ability to leverage the
rich contextual information present in the aerial images.

Finally, the VMC-DETR framework employs an IoU-aware query selection mechanism
for label matching and detection. This process ensures that the final detection results are
not only precise but also robust against overlapping objects and complex scenarios. By
incorporating these advanced modules, VMC-DETR provides a powerful and efficient
framework for aerial object detection, capable of handling both small-scale and large-scale
objects with high accuracy.
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Figure 2. The overall architecture of the proposed VMC-DETR framework consists mainly of three
modules: the VHeat C2f module, which is based on visual heat conduction; the MFADM, a multi-
scale feature aggregation distribution module; and the CAGFM, a contextual attention guided fusion
module, where CAGFM1 refers to the dual-branch CAGFM and CAGFM2 refers to the triple-branch
CAGFM. The remaining modules include U, which handles upsampling operations; C, responsible

for downsampling using ADown [46]; AIFI, an attention-based intrascale feature interaction module;
and RepC3 [14], designed for reparameterization convolution.

3.2. Visual Heat Conduction C2f Module

In the task of object detection in aerial images, traditional backbone networks exhibit
notable limitations in extracting high-frequency features that convey critical detail cues.
Figure 3 illustrates the feature maps of ResNet [19], C3 [20], C2f [21], and the proposed
VHeat C2f backbone network across various scenarios. Observations indicate that ResNet
performs relatively poorly in capturing the details of small objects in high-resolution aerial
images, resulting in blurred object edges and details in the feature maps. C3 improves
upon ResNet by better capturing edges and textures, but is more susceptible to interference
in scenes with densely arranged or overlapping objects, leading to boundary confusion
among objects. Compared with C3, C2f further enhances the distribution and capture
of features, generating feature maps with more intricate details. However, in complex
backgrounds, C2f has limited noise suppression capabilities and remains susceptible to
background interference.

These deficiencies can be partially attributed to the intrinsic properties of high-
frequency features. Characterized by fine textures and sharp edges, high-frequency com-
ponents are inherently difficult for CNNs to capture accurately, particularly in complex
aerial scenes. Papyan et al. [47] demonstrated that CNNs can be interpreted as learning
convolutional sparse-coded representations, implying that the receptive field size of convo-
lutional kernels significantly influences their ability to extract high-frequency information.
Lin et al. [22] further observed that in classification and detection tasks, convolutional
kernels larger than 1 x 1 in ResNet tend to prioritize medium-to-low frequency texture
learning. Consequently, the 1 x 1 convolutions employed in modules such as C3 and C2f
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can forcibly extract high-frequency features. However, Tomen et al. [24] pointed out that
overly small kernels may introduce severe high-frequency artifacts, ultimately reducing the
robustness of the extracted high-frequency representations. This observation is consistent
with the phenomenon illustrated in Figure 3.
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Figure 3. Visual comparison of feature maps from traditional backbone networks (ResNet, C3, and
C2f) and the proposed VHeat C2f backbone on aerial images from various categories and scenes.

The colormap encodes the strength of feature responses, where yellow corresponds to high response
values, often associated with salient texture or edge information, while dark green represents weaker
responses. Variations in response strength allow for intuitive observation of how different backbone
networks capture high-frequency features with varying levels of precision and accuracy.

To address these challenges comprehensively, we introduce the VHeat [45] module
to improve the robustness of the C2f backbone by fine-tuning features in the frequency
domain [30,48], significantly improving its capacity to handle high-frequency features
and manage the complexities associated with aerial image object-detection tasks during
feature extraction.

Figure 4 presents the detailed implementation of the proposed VHeat C2f module.
In the original C2f module, where the number of channels between P3, P4, and P5 is
256, 512, and 1024, respectively. The Bottleneck block, composed of simple convolutions,
is replaced by the Heat block from the VHeat module, which enhances the backbone’s
capability to extract and utilize high-frequency texture features that are critical for precise
object detection.
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Figure 4. Detailed architecture of the VHeat C2f module used in the backbone network. (a) Original
C2f module, which consists of a convolutional layer, a split-branch structure, and three sequential
Bottleneck blocks followed by concatenation. (b) Modified VHeat C2f module, where Bottleneck
blocks are replaced with HeatBlocks to enhance high-frequency feature learning. (c) Heat Module,
which introduces frequency-domain processing with residual connections and normalization layers.
(d) HCO Unit, which performs the heat conduction operation using discrete cosine transforms,
simulating spatial-frequency energy propagation. Here, ® denotes the Hadamard product and ©®
represents element-wise addition. HCO in (d) stands for Heat Conduction Operation.

3.2.1. Heat Block

Heat block is the core unit of the VHeat C2f module, consisting of a series of feature
enhancements and information processing steps. It begins with a heat conduction operation,
where the input feature map and learning frequency are used as parameters to simulate
the physical heat diffusion process, dynamically extracting the spatial and frequency
information of the feature map. This is followed by two-layer normalization processes,
a feedforward layer, and two residual connections to further enhance the framework’s
feature representation capabilities.

3.2.2. Heat Conduction Operator Unit

The Heat Conduction Operator (HCO) unit primarily simulates the heat conduction
process. It performs a series of operations on the input features, including convolution,
frequency mapping, and weighting, to achieve fine-grained feature adjustments. First, a
depthwise convolution (DWConv [49]) with a 3 X 3 kernel size is applied, followed by a
linear layer to extract the local spatial information from the feature map while retaining the
channel features. Then, the feature map is split into two parts: one for the heat conduction
operation and the other for frequency embedding. The HCO is grounded in the general
solution of the heat equation in the spatial domain of the inverse Fourier transform (F -1,
as shown in Equation (1).

u(x,y,t) = F 7 (Flwn wy)e Hemeit), )

The two-dimensional temperature distribution (u(x, y, t)) is extended to the channel
dimension, with the input and output being U(x, y,c,0) and U(x, y, ¢, t), respectively. Based
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on Equation (1), this concept is applied to the field of computer vision, and the resulting
formula can be expressed as (2).

ut — f‘—l (f(uO)e—k(w%-'rwﬁ)t) . (2)

Among them, U° represents U(x,y,c,0), and U' represents U(x, v, c, t). Since visual
images are generally rectangular, HCO replaces the two-dimensional discrete Fourier
transform (2D DFT) and the two-dimensional inverse discrete Fourier transform (2D IDFT)
with the two-dimensional discrete cosine transform (2D DCT) and the two-dimensional
inverse discrete cosine transform (2D IDCT), as shown below:

Ut = IDCTyp (DCTZD(uo)e—"W?*wﬁ)f) . 3)

Here, DCT;p and IDCT,p represent the discrete cosine transform and inverse discrete
cosine transform, respectively. The HCO unit is similar to the self-attention mechanism
in ViT [50], dynamically propagating energy to capture object features within the image.
In HCO, the cosine weight matrix required for DCT,p is first initialized to transform
the feature map from the spatial domain to the frequency domain and to initialize the
attenuation matrix that simulates the diffusion effect in the heat conduction process. In the
frequency domain, HCO regards the object pixels in the image as heat sources according
to the heat diffusion formula ¢ <@+ )t, and weights the frequency components of the
feature map to propagate information. Among them, frequency embedding (FVEs) is a
learnable shared parameter, similar to the absolute position embedding in ViT, which is
used to adjust the frequency attenuation in heat conduction. The parameters k and t are
both fixed hyperparameters, which are jointly controlled by FVEs and the output image
resolution (1600 between P3 and P4 layers, 400 between P4 and P5 layers). k is used to
control the attenuation rate of heat conduction, and t is used to simulate the time change
during heat conduction.

HCO can be regarded as an adaptive filter. Representative objects as high-frequency
components will accumulate more energy and higher temperatures, while irrelevant objects
and backgrounds as low-frequency components are the opposite. In addition, adjacent
areas of the image have similar features. HCO can continuously propagate heat source
information to enhance the boundary contour feature extraction of high-frequency compo-
nent areas and suppress the interference of irrelevant information features in low-frequency
component areas. After applying the heat diffusion formula, the transformed feature map is
returned to the spatial domain through the inverse transform IDCT,p. The time complexity
of the HCO operation is O(N'%), where N is the number of input image patches. Since
HCO'’s frequency domain filtering can affect all patches in the image, it is less complex
than the ViT self-attention mechanism (with a complexity of O(N?)) that calculates the
similarity between image patches. Finally, the cosine map feature map obtained by HCO
is fused with the frequency embedding feature map, and a nonlinear activation (SiLU) is
applied to produce the final output.

Through comparative analysis (as shown in Figure 3), the VHeat C2f module signif-
icantly improves the quality of high-frequency feature extraction and makes up for the
shortcomings of the traditional backbone network. In response to the problem of blurred
details of small objects in ResNet, VHeat C2f refines the object area features through HCO,
generates clearer edges and richer textures, and solves the problem of distinguishing small
objects. At the same time, compared with the shortcomings of C3 in boundary confusion
in high-density or overlapping object scenes, VHeat C2f uses energy propagation char-
acteristics to enhance the object boundary distinction and adapt to complex scenes. In
addition, it effectively suppresses background noise through frequency domain filtering,
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makes up for the shortcomings of C2f, improves the overall quality of feature maps, and
achieves efficient calculation with a lower time complexity of O(N1-°), has stronger adapt-
ability and robustness, and can better cope with the diverse needs of aerial image object
detection tasks.

3.3. Multi-Scale Feature Aggregation and Distribution Module

At present, many mainstream and well-established multi-scale feature fusion methods
exhibit strong performance in natural image object-detection tasks but perform subop-
timally when applied to aerial imagery. This performance gap is primarily due to the
unique aerial perspective, where the extraction of abundant high-frequency cues is bene-
ficial for detecting dense and tiny objects. However, modules such as VHeat C2f extract
high-frequency features indiscriminately, and these redundant or irrelevant high-frequency
components have been shown to compromise the robustness of detection networks [51,52],
leading to a high rate of false positives. As shown in Figure 5, we visualize the heatmaps of
ASFF [25], PAFPN [26], BIFPN [27], and the proposed MFADM under six key challenges
in aerial object detection. It can be observed that the first three methods exhibit varying
degrees of missed detections and false positives, indicating their limited effectiveness in
handling such extreme aerial scenarios.

Specifically, both ASFF and BIFPN utilize weighted feature fusion mechanisms, which
tend to overreact to high-frequency regions. For example, ASFF frequently misclassifies
streetlights, traffic lights, noise artifacts, and trees as valid objects, while BIFPN often falsely
detects streetlights, building windows, traffic lights, wall graffiti, road centerlines, and
trees. Additionally, both methods tend to miss larger objects within densely populated
scenes. This behavior proves beneficial when high-frequency information is limited, as the
fusion mechanism can enhance detection accuracy. However, when paired with modules
like VHeat C2f that extract abundant high-frequency features, this tendency leads to a
surge in false positives.

In contrast, PAFPN, which does not adopt a weighted feature fusion strategy, demon-
strates a lower false-detection rate. Nonetheless, it still occasionally misidentifies high-
frequency regions such as wall textures, signal lights, streetlights, and trees as objects. This
may be due to the use of relatively small convolutional kernels in PAFPN, which limits its
ability to effectively filter high-frequency features across different levels [53].

To overcome the limitations of these classic multi-scale feature fusion approaches in
aerial object detection, and to better leverage the spatial and semantic information extracted
by the VHeat-enhanced C2f backbone, we propose the Multi-level Feature Aggregation
and Distribution Module (MFADM). This module integrates the strengths of both PAFPN
and KPI Modules [31], leveraging large convolutional kernels of varying sizes to capture
rich contextual information across hierarchical feature maps. Moreover, MFADM ensures
precise and efficient propagation of high-frequency information at every detection scale.
As a result, it significantly improves the accuracy of anchor box localization and object
classification. The implementation details of MFADM are illustrated in Figure 6.

3.3.1. The First Feature Aggregation Stage

MFADM can process input features of different scales from P3, P4, and P5 using a
customized feature aggregation module. For the 80 x 80 feature map of the P3 layer, we
employ the ADown module from YOLOv9c and YOLOv9e within the YOLOV9 [46] family.
This module integrates maximum pooling, average pooling, and standard convolution
operations. Compared to ordinary 2D convolution downsampling, it retains more original
information and provides more comprehensive object features for subsequent operations.
For the 40 x 40 feature map of the P4 layer and the 20 x 20 feature map of the P5 layer,
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standard 2D convolution and upsampling are used to adjust the number of channels, which

are then concatenated with the P3 layer along the channel dimension.

Challenges

Ground Truth

MFADM(Ours)

Lighting
Variation

Blurred
Distortion

Occlusion
Targets

Fog
Impact

Small
Targets

Dense
Overlap

Figure 5. Comparison of heatmap activations under typical challenges in aerial object detection using
different multi-scale feature fusion methods, including ASFF, PAFPN, BIFPN, and the proposed
MFADM. The colormap highlights feature response intensity, where red and yellow regions indicate

strong attention and blue denotes weak response. The green bounding boxes in the Ground Truth

column denote annotated object locations. Despite minor visual overlap, all target areas remain

clearly identifiable and do not hinder scientific interpretation.
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3.3.2. Feature Distribution and Second Aggregation Stage

After the first feature aggregation stage of MFADM, we introduced the PKI Module
from PKINet to perform the feature distribution operation. The PKI Module employs deep
convolutions of sizes 5 x 5,7 x 7,9 x 9, and 11 x 11 in parallel (the selection of kernel sizes
will be discussed in Section 5.2.3), along with an identity mapping, to transform the global
information of the extracted features into various forms of local information for distribution.
A 1 x 1 convolution is then used for channel fusion. Finally, a residual connection is
established with the feature information prior to distribution, allowing the network to
effectively retain both global and local feature information of objects at different scales
across each layer. The complete formula for the DWConv module, including depthwise
convolutions and the 1 x 1 convolution for channel fusion, is expressed as follows:

F=X+Convi | X+ ), (X*DW) |, 4)
ke{5,7,911}

where DW|, represents the weights of the depthwise convolution with kernel size k, and * de-
notes the convolution operation, Convyyq is the 1 x 1 convolution used for channel fusion.

DWConv Stage2-Distribution& Aggregation

5x5 Conv 1x1

Stagel-Aggregation DWConv

- 7x7

4 »
—> Convzd —>» Concat > D“g’f;"‘" ——  Add lC > Add
—» Upsample
DWConv —]
11x11
— Identity T

Figure 6. The detailed process of the MFADM module: ADown denotes the downsampling module
of YOLOvV9, DWConv represents the depthwise convolution, and Identity refers to the identity

mapping.

Finally, according to the comparison of the heat map results in Figure 5, MFADM
effectively solves the defects of other methods. For example, under conditions of changing
lighting, MFADM combines deep convolutions of different kernel sizes with identity map-
ping to prevent excessive response at a single scale and adaptively suppress interference
caused by strong light. For example, in the case of motion blur, MFADM more effectively
classifies the semantic information of the extracted object features during the downsam-
pling process using ADown, and combines the feature distribution of deep convolutions of
different kernel sizes. This method enhances the model’s ability to identify blurred objects.
For example, in the case of densely overlapping objects, MFADM uses convolution kernels
of different sizes to enhance the receptive field and effectively capture the global and local
features of dense objects. Its aggregation and distribution strategy dynamically adjusts the
contribution of features at different layers, significantly reducing background sensitivity.

3.4. Contextual Attention Guided Fusion Module

In aerial image object detection, feature fusion plays a critical role in enhancing
the performance of multi-scale object detection. High-frequency features extracted from
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different scales carry rich information and are highly sensitive to spatial variations [54,55].
However, conventional feature fusion methods typically rely on simple concatenation
or linear weighting operations. Such simplistic strategies often lead to the blending or
compression of essential high-frequency cues, resulting in the loss of contextual information,
redundancy, and insufficient exploitation of multi-scale representations. These issues
adversely affect detection accuracy, especially for small objects.

To address these issues, we propose the Context Attention Guided Fusion Module
(CAGEFM), as illustrated in Figure 7. The pseudocode of CAGFM for aerial image processing
within the VMC-DETR framework is provided in Algorithm 1. By effectively preserving
and integrating high-frequency contextual information, CAGFM significantly enhances the
robustness and precision of multi-scale feature fusion.

Algorithm 1 Applying CAGFM for Aerial Image Processing in VMC-DETR Framework

1: Input: Aerial image dataset with images of size (h, w, c), number of epochs N
2: Output: Enhanced feature maps of P3 and P5 layers after contextual attention guided
fusion
3: fori =1to N do
Loop over each training epochs and load image I; and extract feature maps at scales
P3, P4, P5 with channels ¢ for each layer
Step 1: Dual-Branch CAGFM on P3 Layer, k = 3
if The number of channels of P3 and P4 do not match after the first MFDAM then
Adjust channels of P3 and P4 to ¢, via 1 x 1 Conv
end if
Concatenate P3 and P4 along the channel dimension to obtain [P3, P4].
10: Apply ESE Attention: P3concat = ESE([P3, P4]), refine features by global mean and
adaptive gating
11: Split P3concat into weighted components for P3 and P4 layers
12:  Fuse weighted features: P3' = [weighted (P3) + P4, weighted (P4) + P3|
13: Step 2: Dual-Branch CAGFM on P5 Layer, k = 5
14: Repeat Step 1 for P5 and P4 to obtain P5, focusing on larger object regions in
complex scenes
15: Step 3: Triple-Branch CAGFM on P3 Layer, k = 3
16: if The number of channels in P3’, P4’ after the second MFADM and P4 after the first

-

R B A

MFDAM do not match then
17: Adjust channels of P3/, P4 and P4’ to ¢, via 1 x 1 Conv
18: end if
19: Concatenate P3/, P4, P4’ along the channel dimension to obtain [P3’, P4, P4’]
20:  Apply ESE Attention: P3/, .., = ESE([P3’,P4, P4’]), enhance small object features

by computing channel mean and scaling

21:  Split P3[ ., into weighted components for P3/, P4 and P4’ layers

22: Fuse weighted features: P3g,, = [weighted (P3') + P4 + P4/, weighted (P4) + P3 +
P4/, weighted (P4’) + P3’ + P4']

23: Step 4: Triple-Branch CAGFM on P5 Layer, k = 5

24: Repeat Step 3 for P5’, P4, P4’ to obtain P51, focusing on broader contextual ele-
ments

25: Store enhanced feature maps P3n,1, PSing) for image I;

26: end for

27: return Enhanced feature maps for all dataset images used in the final detection stage
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Figure 7. Specific details of the CAGFM module implementation: ESE stands for the effective squeeze
and extraction attention mechanism. (a) Standard feature fusion operation, (b) dual-branch CAGFM,
(c) triple-branch CAGFM. X, X», and X3 represent input feature maps from different scales or stages.
The terms Xi_weignts X2_weight: and X3_weignt denote the channel-wise attention weights computed
via the contextual attention mechanism (ESE [56]), adjusting the contributions of each feature map in
the fusion process.

3.4.1. Dual-Branch CAGFM

The dual-branch CAGFM is applied to the P5 and P3 layers, respectively, after the
first MFADM module, where the corresponding features in these two layers are fused.
For the P5 layer, small object detection in aerial images is a critical challenge. Since the
P5 layer contains more small-scale features and has a higher number of channels, it is
essential to fully utilize the features of this layer. Therefore, in the dual-branch CAGFM,
we fuse the P5 and P4 layers during the current fusion stage. To ensure the complete
transmission of information from the P5 layer, the number of channels in the P4 layer is
first increased to match that of the P5 layer, aligning the feature dimensions required for
the fusion operation. This strategy preserves rich multi-scale information and enhances the
accuracy of small object detection. For the P3 layer, to strike a balance between detection
accuracy and computational efficiency, the fusion process reduces the number of channels
in the P4 feature map to match that of the P3 layer. In this manner, the dual-branch CAGFM
effectively utilizes features of different scales during fusion while avoiding excessive
computational overhead in the P3 layer, thereby optimizing the overall performance of
the network.

Subsequently, the Effective Squeeze and Extraction (ESE [32]) mechanism is employed
as an attention module to effectively capture global contextual information from the input
features. The core idea of ESE is to dynamically adjust the channel-wise importance of
the feature map through a channel attention mechanism, thereby enhancing key channels
and suppressing redundant ones. Specifically, the input feature map Xg;, € RE*H*W
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first undergoes a global average pooling operation Ggap (+), which compresses the spatial
dimensions to 1 x 1 and retains only the channel-wise information:

1 H W Qi
Ggap (Xaiw) = 777 Z; Z% X7, ce1,ql. )
i=1j=
The obtained channel vector S € R is fed into a fully connected layer, whose weight
is Wggg € RE*C" where C’ is the size of the intermediate dimension. Subsequently, the
normalized channel attention weight is generated by the Sigmoid activation function o

Agsg = 0(Wesk - Ggap (Xdiv))- (6)

Finally, we perform element-wise multiplication operation ® on the generated channel
attention weight Aggp € RC and the original feature map Xjy;, to obtain the enhanced
feature map Xefine:

Xrefine = ArSE ® Xdiv- @)

This process not only preserves the semantic information between channels but also
enhances the overall performance of the framework through dynamic weighting. Com-
pared with the traditional squeeze and extract (SE [56]) attention, it only uses one fully
connected layer, which not only reduces the channel information loss but also improves
the computational efficiency. After the ESE attention mechanism, each layer can adaptively
adjust the weight of the input feature map through feature weight segmentation. Finally,
after interactive fusion, the two feature maps are weighted based on the weight mapping.
The weighted features are then added and concatenated to form a new output feature. For
more details, please refer to the following section on the Triple-Branch CAGFM.

3.4.2. Triple-Branch CAGFM

A triple-branch CAGFM is deployed at both the P3 and P5 layers. Although the two
modules do not share parameters, their inputs and outputs are represented using the same
variables for notational convenience.

Specifically, the triple-branch CAGFM integrates features from three different layers
(Xp,, Xp,, and Xp;). Unlike separately computing channel-wise attention weights for each
layer, the CAGFM jointly computes the attention through a concatenation of all three
feature maps(Xp_, ), as formulated below:

A](":ZS)E = Spllt(U(WESE ’ ggap (XPconcat>)’ l)’ l € {3’ 4’ 5}’ (8)

where A](EgE denotes the attention weights for layer P;, and Wggg represents the learnable
parameters. The function Split(+, i) extracts the portion of the concatenated attention vector
that corresponds to Xp, based on its channel allocation.

Then, the weighted feature fusion across three scales is explicitly formulated

as follows:
0 _ A0 .
Xtusion = Apsg @ Xp, + ;XP,(, i,k € {3,4,5}, )
1
where Xf(l?sion is the fused feature at the current object scale P;.

Finally, the three enhanced features X 0

fusion

then processed by the RepC3 module before being passed to the detection head:

are concatenated to form X gion, Which is

Xout = RepC3(Xtusion)- (10)
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4. Experiments and Results

To validate the effectiveness of the proposed VMC-DETR framework, we adopt RT-
DETR with a ResNet-18 backbone (RT-DETR-R18 [14]) as the baseline. This framework
employs the same AIFI and RepC3 modules in the neck and maintains a comparable level
of computational complexity. We conduct both comparative and ablation experiments
on three aerial image datasets—AI-TOD, VisDrone-2019, and TinyPerson—and visualize
representative detection results to facilitate comprehensive analysis.

4.1. Datasets

The first dataset we use is the AI-TOD [17] dataset, which was proposed by Wuhan
University in 2020. It is an aerial image dataset, where 87.7% of the objects are smaller than
32 x 32 pixels. The mean and standard deviation of the absolute size are 12.8 pixels and
5.9 pixels, respectively. These values are much smaller than those found in other natural
image and aerial image datasets. The AI-TOD dataset contains eight categories, namely
airplanes (Air), bridges (Bri), persons (Per), ships (Shi), storage-tanks (Sto), swimming
pools (Swi), vehicles (Veh), and windmills (Win). The dataset consists of images with
800 x 800 pixels and contains 700,621 labeled objects. It is split into 11,214 images for
training and 2804 images for testing.

The second dataset we use is the VisDrone-2019 [18] dataset, which is released by
the AISKYEYE team at Tianjin University. This dataset is designed for object detection in
UAV-captured images of diverse remote sensing scenes, including urban areas, residential
regions, and rural environments. The VisDrone-2019 dataset presents challenges such as
dense object distribution, scale variation, and complex backgrounds. The dataset contains
ten categories: awning-tricycle (Awn), bicycle (Bic), bus (Bus), car (Car), motorcycle (Mot),
pedestrian (Ped), people (Peo), tricycle (Tri), truck (Tru), and van (Van). In total, the dataset
consists of 8629 images with a variety of weather conditions, lighting, and viewpoints.
It is divided into three subsets: 6471 images for training, 548 images for validation, and
1610 images for testing.

The third dataset we use is the TinyPerson [57] dataset, proposed by the University of
the Chinese Academy of Sciences in 2019. This dataset is constructed using high-resolution
aerial images, originally gathered from various websites. The researchers extract frames
from videos captured at different seaside locations at 50-frame intervals, removing dupli-
cates to compile a diverse collection of aerial scenes. The TinyPerson dataset is characterized
by very small human object s, significant aspect ratio variations, and dense distributions,
all within complex seaside environments. It includes two categories: people on the sea (Sp),
such as swimmers or surfers, and people on earth (Ep), including beachgoers. In total, the
dataset comprises 1610 images and 72,651 labeled instances of people. For our experiments,
we use 794 images for training and 816 images for testing.

Figure 8 summarizes the detailed statistics of the three datasets, including object
categories, the number of images, instance counts, and other relevant attributes. In ad-
dition, following the MS COCO [16] definition of small objects (i.e., objects smaller than
32 x 32 pixels), we compute the proportion of small objects within each category across the
three datasets. This information is also shown in Figure 8, enabling a more intuitive analysis
in the subsequent experiments of the VMC-DETR framework’s detection performance on
small objects in aerial images.
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Figure 8. (a) Object category names, image examples, and the proportion of small objects across the

three datasets. (b) The number of images in each of the three datasets. (c) The number of instances

for each object category across the three datasets.

4.2. Experimental Setup

The hardware configuration of our experimental environment includes: CPU: In-
tel(R) Xeon(R) CPU E5-2682 v4 @ 2.50 GHz 64-core processor, GPU: NVIDIA GeForce
RTX 3090 x 1, video memory: 24G. The software environment includes: Ubuntu 20.04.3
LTS, python 3.8.16, Torch 1.13.1. Tables 1 and 2 provide detailed information on the
hyperparameter configuration and data augmentation techniques used throughout the
experimental process.

Table 1. The hyperparameters and their corresponding values used in the experiments. Adam
denotes the adaptive moment estimation optimizer, and IoU represents intersection over union.

Hyperparameters Values
Learning Rate 0.0001
Batch Size 8
Optimizer Adam
Epochs 150
Input Image Size 640 x 640
Weight Decay 0.0001
Momentum 0.9

IoU Threshold 0.7

To evaluate the performance of the framework, this experiment uses precision (Pre), re-
call (Rec), average precision (mAP), frames per second (FPS), gigaflop operations (GFLOPs),
inference time per image (IT), and model memory usage (MU) as evaluation metrics. The
formulas for the first three evaluation indicators are as follows:

TP

Pre— —— 11
= TP+ Fp’ (1)
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TP

Ree = 5 a7 (2
1 N
mAP = N 1; AP;, (13)

where TP, FP, and FN represent the numbers of true positives, false positives, and false
negatives, respectively; N denotes the total number of object categories; and AP; is the
average precision for the i-th category, computed as follows:

A= [ pindr, (14)

where p;(r) denotes the precision-recall curve for class i as a function of recall r.

Table 2. Data augmentation techniques and their application ratios used in the experiment.

Data Augmentation Ratios
Hue 0.015
Saturation 0.7
Value 0.4
Translate 0.1
Scale 0.5
Flip Left-Right 0.5

4.3. Quantitative Evaluation of Detection Results

We use mainstream CNN-based and Transformer-based object-detection algorithms
from the past three years, including medium-sized models from DDOD, TOOD, DAB-
DETR, DINO, RTMDET, LD, ConvNeXt, Gold-YOLO, YOLOV9, and YOLOv10 detection
frameworks. Specifically, we employ the “Medium” models from the YOLO series and other
models with ResNet50 as the backbone network to conduct comparative experiments on
three aerial image datasets. Considering that several recent methods such as RingMoE [11],
QETR [58], and OVA-DETR [59] focus on different problem settings, including multi-
modal fusion, open-vocabulary detection, and large-scale pretraining, they are not directly
comparable to our work, which emphasizes single-modality input, lightweight architecture,
and real-time performance. Therefore, we exclude them from our comparative experiments,
while still acknowledging their contributions in Sections 1 and 2.

Table 3 presents the results of our comparative experiments on the AI-TOD aerial im-
age dataset. The proposed VMC-DETR framework achieves the best overall performance,
with mAP50 and mAP50:95 scores of 45.6% and 19.3%, respectively. Compared to other
mainstream detection frameworks such as DDOD, TOOD, and ConvNeXt, VMC-DETR
significantly outperforms them—for instance, achieving gains of 11.4%, 17.4%, and 20.1% in
mAP50, respectively. Furthermore, VMC-DETR obtains the highest accuracy in five of the
eight object categories and demonstrates superior capability in detecting densely overlap-
ping targets such as “Veh” (69.7%) and “Sto” (79.3%). This performance is largely attributed
to the proposed VHeat C2f module, which draws inspiration from the heat conduction
mechanism to refine feature maps and enhance object-level feature representation. As a
result, VMC-DETR is better equipped to distinguish between foreground and background
in complex aerial scenes, outperforming other frameworks in the feature extraction stage.
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Table 3. Comparison experiments with current mainstream methods on the AI-TOD dataset. Each
object category and mAP are expressed as percentages (%), IT represents the inference time for a
single image (ms), and MU denotes peak memory usage during model runtime (MB). Bold numbers
indicate the best results among all compared methods.

Method Air Bri Per Shi Sto Swi Veh Win mAP50 mAP50:95 FPS GFLOPs IT MU
DDOD-R50 [60] 288 93 143 50.6 524 0.1 484 0.0 25.5 10.9 32.2 111 294 371
TOOD-R50 [61] 35.8 31.0 20.0 57.6 56.2 109 512 106 34.2 14.9 28.6 124 35.0 365
Dab-DETR-R50 [62] 223 29 92 339 185 21 170 11.8 147 4.3 25.3 72.4 395 412
DINO-R50 [63] 454 48.0 29.7 65.8 749 109 624 160 44.1 15.5 19.8 179 50.5 437
RTMDET-M [64] 50.0 254 204 545 59.7 269 537 49 36.9 16.0 36.7 39.7 27.2 315
LD-R50 [65] 21.0 0.0 109 40.6 345 53 306 0.0 17.9 7.5 40.6 128 24.6 567
ConvNeXt-R50 [66] 48.0 33.1 125 42.0 334 156 333 7.7 28.2 12.4 27.8 189 36.0 1031
Gold-YOLO-M [67] 46.0 33.9 240 645 772 17.7 69.0 10.2 428 18.3 27.4 79.3 8.7 338
YOLOvV9-M [46] 52.7 37.7 249 646 772 139 69.1 8.6 43.6 19.0 31.8 77.9 85 290
YOLOv10-M [68] 50.0 299 241 647 784 7.0 686 115 41.8 18.7 38.8 64.0 8.2 284
Baseline [14] 31.1 424 283 699 767 28 677 7.0 40.7 16.8 37.6 66.1 9.0 277
Ours 42.0 429 30.7 70.8 79.3 12.8 69.7 16.5 45.6 19.3 36.8 70.5 9.2 302

In terms of computational efficiency and real-time processing, VMC-DETR ranks
fourth in both FPS and GFLOPs, with a single image processing time of 9.2 ms. Al-
though it slightly lags behind the YOLO series models, it outperforms other CNN and
Transformer-based models, demonstrating excellent detection accuracy while maintaining
high computational efficiency and real-time processing capabilities. This meets the real-
time performance requirements of one-stage object detection algorithms. Additionally, the
VMC-DETR framework uses 302 MB of memory, making it compatible with the memory
constraints of most edge computing devices and positioning it as a lightweight model.

Table 4 presents the results of our comparative experiments on the VisDrone-2019
drone dataset. Our proposed VMC-DETR framework achieves the best performance, with
mAP50 and mAP50:95 scores of 45.9% and 27.9%, respectively. Compared to the excellent
YOLOV9 and YOLOv10 medium models proposed in 2024, VMC-DETR framework outper-
forms them by 3.9% in mAP50 and by 2.7% and 2.6% in mAP50:95, respectively. Notably, it
demonstrates the highest accuracy not only for small objects like “Peo” (47.9%) but also for
large objects such as “Van” (49.9%), while maintaining strong performance across other
categories. This superior outcome is attributed to the integration of MFADM in the neck
network. By effectively aggregating and distributing multi-scale features across the P3,
P4, and P5 layers, MFADM enhances the VMC-DETR framework’s detection accuracy for
objects of various sizes, enabling it to consistently outperform other mainstream methods
in complex aerial imagery.

Table 5 presents the results of our comparative experiments on the TinyPerson dataset.
Our proposed VMC-DETR framework achieves the best performance, with mAP50 and
mAP50:95 scores of 25.4% and 7.5%, respectively, surpassing the best Transformer-based
method, DINO, by 1.1% and 0.7%. Additionally, VMC-DETR framework achieves the
highest accuracy in the categories “Ep” (19.3%) and “Sp” (31.5%), demonstrating its ef-
fectiveness in handling tiny objects in aerial images. This outstanding performance is
attributed to the integration of the CAGFM. By utilizing an optimized feature fusion strat-
egy and attention mechanism, CAGFM effectively guides and enhances the fused features,
allowing the framework to fully leverage the contextual information in the image. This
capability significantly improves the detection accuracy of small objects in aerial images.
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Table 4. Comparison experiments with current mainstream methods on the VisDrone-2019 dataset.
All values are expressed as percentages (%). Bold numbers indicate the best results for each metric
across all methods.

Method Year Awn Bic Bus Car Mot Ped Peo Tri Tru Van mAP50 mAP50:95
DDOD-R50 2021 142 182 585 788 475 474 349 275 410 454 40.7 24.8
TOOD-R50 2021 142 198 564 793 492 46.8 354 272 409 456 38.8 24.3
Dab-DETR-R50 2022 153 127 575 66.7 262 214 143 19.7 393 382 31.1 15.5
DINO-R50 2022 180 183 612 839 512 581 443 307 385 496 454 26.7
RTMDET-M 2022 146 121 56.1 752 404 342 283 251 363 414 36.4 21.5
LD-R50 2022 7.6 51 296 684 245 335 183 129 21.7 313 25.3 14.7
ConvNeXt-R50 2022 172 217 605 752 425 394 326 328 440 498 41.6 24.7
Gold-YOLO-M 2023 18.8 144 598 804 466 435 342 303 409 455 414 25.0
YOLOv9-M 2024 177 155 622 808 474 435 343 318 396 469 42.0 25.2
YOLOv10-M 2024 168 162 59.0 813 472 460 361 31.1 387 472 42.0 25.3
Baseline 2023 11.8 133 522 819 49.7 454 390 282 278 463 39.6 23.7
Ours - 189 19.1 598 842 564 540 479 331 361 499 45.9 27.9

Table 5. Comparison experiments with current mainstream methods on the TinyPerson dataset. All
values are expressed as percentages (%). Bold numbers indicate the best performance for each metric
across all methods.

Method Ep Sp mAP50 mAP50:95
DDOD-R50 11.6 243 18.0 5.9
TOOD-R50 13.0 26.1 19.5 6.1
Dab-DETR-R50 3.2 10.1 6.6 1.8
DINO-R50 18.0 30.5 243 6.8
RTMDET-M 14.6 26.3 20.4 6.7
LD-R50 5.9 12.7 9.3 2.7
ConvNeXt-R50 7.1 16.2 11.6 3.6
Gold-YOLO-M 18.3 30.1 242 6.9
YOLOvV9-M 171 29.0 23.1 7.2
YOLOv10-M 15.0 23.1 19.0 5.7
Baseline 17.9 26.1 22.0 6.6
Ours 19.3 31.5 25.4 7.5

In all three datasets, VMC-DETR exhibits a strong trade-off between detection accuracy,
speed, and memory footprint. It maintains top-tier performance across both anchor-based
and anchor-free models, including two-stage (e.g., DAB-DETR, RTMDet) and one-stage
(e.g., YOLOv8-M, YOLOvV10-M) detectors, highlighting its generalization ability under
varied aerial scenarios.

4.4. Visualization of Detection Results

Figure 9 shows the visualization results of all comparison methods on the AI-TOD
dataset. For clarity, these errors are highlighted using red and yellow circles. Red circles
indicate missed detections, where actual objects in the scene are not detected, leading to
false negatives. Yellow circles, on the other hand, indicate false detections, where the model
identifies objects that do not exist in the scene, resulting in false positives.

As shown in Figure 9, our framework (1) produces results that are nearly identical to
the ground truth (a), demonstrating the high accuracy and stability of our approach in object
detection in aerial images. In contrast, other methods (shown in (b) to (k)) exhibit varying
degrees of error. Notably, the image is taken at night, where objects are densely distributed
and overlapping, and all object instances are small—factors that pose significant challenges
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in aerial object detection. Our method effectively addresses these issues. Specifically, VHeat
C2f enhances the feature extraction capability, enabling clearer distinction between objects
and backgrounds under low-light conditions. MFADM expands the receptive field through
multi-scale deep convolution kernels to capture dense object regions effectively, while
CAGFM enhances the weight of small objects through contextual attention and adaptive
fusion. As a result, the VMC-DETR framework significantly reduces both false detections
and missed detections, offering more reliable and robust detection performance compared
to other advanced frameworks.

(a) Ground Truth (b) DDOD

(f) RTMDET

ehicle 44.1
'ehnl 66. 3

(i) Gold-YOLO-M (j) YOLOV9-M (k) YOLOvV10-M (1) Ours
Figure 9. Visualization of all comparison methods on the AI-TOD dataset. (a) shows the ground truth
bounding boxes. (b-h) are detection results visualized using MMDetection version 3.3.0, while (i-1)
are generated using Ultralytics version 8.0.201. Red circles highlight false positive detections, and

yellow circles mark missed detections.

Figure 10 presents the visualization results on the VisDrone-2019 dataset, comparing
our framework (c) with the baseline (b). Similar to before, red circles indicate missed
detections, and yellow circles represent false positives. In this dataset, baseline methods
often miss multiple objects or generate false detections in crowded urban scenes, especially
along roadsides where occlusions from trees, vehicles, and buildings are frequent. In
contrast, our framework accurately detects both large and small vehicles as well as partially
occluded pedestrians and cyclists. This improvement is largely due to the MFADM module,
which incorporates the ADown structure to enhance the model’s capacity to distinguish
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objects in complex spatial hierarchies. These visual results further confirm the robustness
of VMC-DETR in dense urban environments with challenging occlusion and clutter.

pedeeion 08078

) e

pedpedestion 036

pedestion 035

Figure 10. Comparison of visualization effects with baseline methods on the VisDrone-2019 dataset,
implemented using Ultralytics version 8.0.201. (a) shows the ground truth annotations, (b) presents
detection results from the baseline model, and (c) displays the results of our proposed method. Yellow
circles highlight missed detections or false classifications made by the baseline method.

5. Analysis and Discussion
5.1. Module Contribution Analysis of VMC-DETR

To verify the contribution of each module in VMC-DETR framework, we conduct an
ablation study on three datasets: AI-TOD, VisDrone-2019, and TinyPerson. The modules
involved include VHeat C2f, MFADM, and CAGFM. Below, we provide a detailed analysis
of the results.

5.1.1. Effectiveness Validation on AI-TOD Dataset

The results in Table 6 show that the VMC-DETR framework achieves a significant
performance improvement on the AI-TOD dataset, with final mAP50 and mAP50:95 scores
of 45.6% and 19.3%, respectively, compared to 40.7% and 16.8% for the baseline model.
Introducing the VHeat C2f module alone raises mAP50 from 40.7% to 42.2% and Rec from
42.0% to 44.1%. This result demonstrates the effectiveness of VHeat C2f in addressing the
challenges posed by varying object scales and motion blur in the AI-TOD dataset. Through
a heat conduction mechanism, VHeat C2f enables precise spatial adjustments in the feature
map, enhancing the model’s ability to distinguish objects at different scales and capture
finer details in blurred conditions.
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Table 6. Ablation experiment results on the AI-TOD dataset. All values are expressed as percentages
(%). Bold numbers indicate the best performance for each metric across all variants.

Method Pre Rec mAP50 mAP50:95
Baseline 47.9 42.0 40.7 16.8
VHeat C2f 54.1 441 422 18.1
CAGFM 52.7 434 41.0 17.1
MFADM 479 45.2 41.8 17.3
VHeat C2f + CAGFM 61.3 424 425 18.1
VHeat C2f + MFADM 51.2 46.5 434 17.7
MFADM+CAGFM 55.0 42.8 429 18.1
Ours 55.4 47.8 45.6 19.3

Further combining VHeat C2f with CAGFM or MFADM yields even more significant
performance gains. For instance, the combination of VHeat C2f and CAGFM achieves
a Pre of 61.3% and mAP50 of 42.5%, highlighting the ability of the contextual attention
mechanism to fusion key information in complex backgrounds. In the AI-TOD dataset,
background information greatly exceeds the object. CAGFM focuses on the object area
through contextual clues, identifies the object location, and filters the background noise. In
addition, the multi-scale feature fusion and distribution mechanism of MFADM enables
the model to effectively handle the problem of changes in object details caused by changes
in fog conditions, improving the VMC-DETR framework’s ability to resist light interfer-
ence. Together, the modules in the VMC-DETR framework greatly enhance the model’s
robustness in tackling diverse challenges within the AI-TOD dataset.

5.1.2. Effectiveness Validation on VisDrone-2019 Dataset

The results in Table 7 indicate that the VMC-DETR framework performs exceptionally
well on the VisDrone-2019 dataset, achieving final mAP50 and mAP50:95 scores of 45.9%
and 27.9%, respectively, significantly surpassing the baseline model’s scores of 39.6% and
23.7%. Introducing the MFADM alone raises Rec from 37.9% to 38.2% and mAP50 from
39.6% to 40.0%. This demonstrates MFADM’s advantage in handling object overlap and
occlusion issues in the VisDrone-2019 dataset. Through multi-scale feature aggregation
and distribution, MFADM enables flexible feature allocation across scales, enhancing the
model’s ability to distinguish densely packed and occluded objects.

Table 7. Ablation experiment results on the VisDrone-2019 dataset. All values are expressed as per-
centages (%). Bold numbers indicate the best performance for each metric across all ablation variants.

Method Pre Rec mAP50 mAP50:95
Baseline 53.7 37.9 39.6 23.7
VHeat C2f 56.4 40.4 424 25.5
CAGFM 55.2 40.1 41.2 24.6
MFADM 55.0 38.2 40.0 23.8
VHeat C2f + CAGFM 56.5 415 43.1 25.9
VHeat C2f + MFADM 57.5 419 434 26.3
MFADM+CAGFM 57.3 414 429 25.2
Ours 59.6 44.7 45.9 27.9

Combining MFADM with VHeat C2f or CAGFM further boosts model performance.
For example, the combination of MFADM and CAGFM achieves an mAP50 of 42.9%,
showecasing the synergy between contextual attention and multi-scale feature fusion. In the
VisDrone-2019 dataset, small objects are densely packed, and some images are significantly
affected by lighting conditions. CAGFM improves the model’s ability to locate small objects
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in complex lighting environments by focusing on the contextual information around the
small objects. Additionally, the VHeat C2f module enhances the model’s detail recognition
when addressing lighting variations and dense distributions. With all three modules com-
bined, the VMC-DETR framework demonstrates robust detection performance, effectively
tackling the challenges of density, occlusion, and lighting variations.

5.1.3. Effectiveness Validation on TinyPerson Dataset

The results in Table 8 show that the VMC-Net framework achieves a significant
performance improvement on the TinyPerson dataset, with final mAP50 and mAP50:95
scores of 25.4% and 7.6%, respectively, representing a clear improvement over the baseline
model’s scores of 22.0% and 6.6%. Using the CAGFM module alone increases Pre from
37.6% to 39.4% and mAP50 from 22.0% to 23.2%. This result highlights CAGFM'’s ability
to fusion information effectively in the complex scenes of the TinyPerson dataset. By
leveraging contextual attention, CAGFM enhances the model’s capacity to perceive and
fuse small and overlapping objects, allowing for more accurate object recognition within
aerial images.

Table 8. Ablation experiment results on the TinyPerson dataset. All values are expressed as percent-
ages (%). Bold numbers indicate the best performance in each column.

Method Pre Rec mAP50 mAP50:95
Baseline 37.6 28.9 22.0 6.6
VHeat C2f 414 30.2 23.8 6.9
CAGFM 39.4 30.0 23.2 6.9
MFADM 37.6 31.5 23.9 7.2
VHeat C2f + CAGFM 40.9 31.5 24.2 7.3
VHeat C2f +MFADM 42.6 30.1 24.4 7.4
MFADM+CAGFM 40.6 31.1 24.0 7.2
Ours 414 31.6 254 7.6

Further combining CAGFM with VHeat C2f or MFADM leads to additional perfor-
mance gains. For example, the combination of CAGFM and VHeat C2f achieves an mAP50
of 24.4%, demonstrating the synergy between fine-grained feature extraction and contex-
tual attention. In the TinyPerson dataset, small objects are often densely packed within
complex backgrounds. The VHeat C2f module, through its heat conduction mechanism,
effectively captures detailed features, while MFADM’s multi-scale feature fusion and distri-
bution mechanism improves the model’s adaptability to overlapping and variably sized
objects. With all three modules working in tandem, the VMC-DETR framework achieves
comprehensive enhancements in detecting overlapping objects within complex scenes on
the TinyPerson dataset.

5.1.4. Discussion on Module Contributions

The ablation study clearly shows that each module in the VMC-DETR framework
contributes to improving detection performance. The VHeat C2f module effectively en-
hances the framework’s ability to capture detailed object features, MFADM ensures efficient
feature fusion across different scales, and CAGFM leverages contextual information to
further strengthen the fused features. The combination of these modules achieves superior
performance across all datasets, especially for small and densely overlapping objects in
complex aerial images. The mAP curves in Figure 11 show the mAP trends for different
modules across the three datasets, providing an intuitive illustration of the incremental
improvements brought by each module, and highlighting the effectiveness and necessity of
each component in achieving optimal performance.
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Figure 11. mAP curves from ablation experiments on the AI-TOD, VisDrone-2019, and TinyPerson

datasets, showing the performance impact of each module.

However, the VMC-DETR framework also has certain limitations. Although VMC-
DETR is optimized for aerial imagery datasets, it may struggle to adapt to non-aerial or

highly diverse scenes. The reliance on multi-scale feature fusion and attention mecha-

nisms could also make the framework sensitive to hyperparameter settings and model

configurations, potentially reducing its generalizability to other tasks.

5.2. Module Confiqurations Analysis in VMC-DETR

To ensure the completeness of the experiment and thoroughly examine the impact

of the internal design details of the proposed module on performance, we conduct abla-
tion experiments on the three modules of the VMC-DETR framework using the AI-TOD,
VisDrone-2019, and TinyPerson datasets.

5.2.1. Ablation Study on the Design of the VHeat C2f Module

As shown in Figure 12, in terms of Pre, Rec, mAP50, and mAP50:95 metrics, the “All”
configuration, which uses the VHeat C2f module in all positions, shows varying degrees

of improvement over the “No” configuration, which uses only the standard C2f module,

across all three datasets. This demonstrates that the VHeat C2f module effectively enhances

the extraction of feature information for small objects in aerial images by refining feature

maps. Additionally, the FPS results indicate that the computational complexity of using
the VHeat C2f module is nearly identical to that of the standard C2f module, showing
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that the VHeat C2f module improves detection accuracy while maintaining the model’s
inference speed.

I No N rFirst N Lot N AU

re Rec ‘mAPsO mAPSO3S ¥Ps Pre Rec mAPS) mAPSO3S ¥Ps

Pre Rec mAPSO mAPSO9S Ps

(a) Ablation experiment of VHeat C2f module on AI-TOD dataset (b) Ablation experiment of VHeat C2f module on VisDrone-2019 dataset (c) Ablation experiment of VHeat C2f module on TinyPerson dataset

Figure 12. Effect of varying frequency and placement of the VHeat C2f module across the AI-TOD,
VisDrone-2019, and TinyPerson datasets. “First” indicates that the VHeat C2f module is used only
between the P3 and P4 layers, “Last” indicates that it is used only between the P4 and P5 layers, “No”
indicates that the standard C2f module is used in both locations, and “All” indicates that the VHeat
C2f module is used in both locations.

For the AI-TOD and VisDrone-2019 datasets, the “First” configuration—using the
VHeat C2f module between P3 and P4—performs better than the “Last” configuration
using the VHeat C2f module between P4 and P5. This suggests that for aerial image
data with complex scenes and large-scale variations, using the VHeat C2f module at a
lower level strengthens the spatial distribution and fine-grained high-frequency features of
the object earlier, allowing more irrelevant background information to be filtered out for
subsequent layers. For the TinyPerson dataset, the results of “Last” and “No” are nearly
identical, while “First” performs lower than “No” in most metrics except for Rec. This
indicates that for extremely small objects, it remains challenging to extract low-level feature
information effectively, as these objects rely more on high-level semantic information with
richer channels. Using the VHeat C2f module alone has limited impact, and better results
are achieved when it is used in combination with other configurations.

5.2.2. Ablation Study on the First Aggregation Stage of MFADM

According to the ablation experiment results in Table 9, ADown, used in the first
feature aggregation stage of MFADM, achieves the best overall performance in terms
of Pre, Rec, mAP50, and mAP50:95 across the three datasets. Specifically, mAP50 and
mAP50:95 are improved by 0.5%, 0.5%, 0.8%, 0.7%, 0.8%, and 0.4% on the three datasets,
respectively, compared to the second-best Conv2d. Although the Rec values on the AI-TOD
and TinyPerson datasets are 0.4% lower than those of Conv2d, this has minimal impact on
the overall strong performance of the ADown module.

In addition, for aerial images with densely overlapping small objects, interpolation
downsampling and average pooling have poor overall effects. This is because the absence
of convolution operations leads to excessive loss of spatial structural information, making
it difficult for the model to distinguish between objects and backgrounds, and preventing
accurate object localization, ultimately resulting in reduced accuracy. Overall, the ADown
module offers distinct advantages in processing aerial images. By preserving the smooth-
ness of downsampled features, it retains more multi-scale feature information through a
rich and diverse combination of convolution and pooling operations.
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Table 9. Ablation experiments on the AI-TOD, VisDrone-2019, and TinyPerson datasets using different
downsampling methods in the first feature aggregation stage of the MFADM module, including
Interpolation, AvgPool2d, Conv2d, and ADown. Bold numbers indicate the best performance in
each column.

AI-TOD VisDrone-2019 TinyPerson
Method FPS
Pre Rec mAP50 mAP50:95 Pre Rec mAP50 mAP50:95 Pre Rec mAP50 mAP50:95
Interpolation 352 542 47.9 44.5 18.3 58.5 43.6 44.6 26.9 39.6 30.1 23.2 6.8
AvgPool2d 379 539 477 443 18.2 58.7 435 449 27.2 39.8 30.1 23.9 7.1
Conv2d 36.5 54.6 48.2 45.1 18.8 58.9 44.1 45.1 27.2 40.7 32.0 24.6 7.2
ADown [46] 36.8 55.4 47.8 45.6 19.3 59.6 44.7 45.9 27.9 414 31.6 25.4 7.6

Finally, the FPS of the ADown module is similar to that of other methods, indicating
that there is no significant increase in computational overhead, and it maintains high
efficiency. Therefore, downsampling using ADown in the first stage of MFADM is necessary
for the overall VMC-DETR framework.

5.2.3. Ablation Study on the Distribution and Second Aggregation Stage of MFADM

We conduct ablation experiments on the distribution operation in the third stage of
MFADM using different numbers, strides, and sizes of deep convolution kernel combina-
tions. The experimental results are shown in Table 10. The (5, 7, 9, 11) deep convolution
kernel combination used in our MFADM performs the best across all three accuracy indica-
tors on the three datasets.

Table 10. Ablation experiments on three datasets for different numbers, strides, and sizes of deep
convolutional kernels used in the distribution operation in the third stage of the MFADM module.
Bold numbers indicate the best performance in each column.

AI-TOD VisDrone-2019 TinyPerson
Design Numbers Strides FPS GFLOPs
Pre Rec mAP50 Pre Rec mAP50 Pre Rec mAP50

5,7,9) 3 2 371 68.9 55.5 4538 43.7 58.6 422 441 39.3 292 23.5
(7,9,11) 3 2 37.0 69.6 55.1 459 45.3 59.0 428 44.8 40.0 29.2 24.1
(9,11,13) 3 2 36.8 70.3 53.7 451 43.2 59.0 449 45.5 37.8 289 23.4
(3,7,11,15) 4 4 36.8 70.8 53.8 433 43.3 58.7 422 44.2 36.1 299 22.7
(3,57,9) 4 2 36.9 69.9 534 457 43.5 593 431 44.5 383 29.7 23.3
(7,9,11,13) 4 2 36.7 71.0 55.6 453 45.5 60.2 429 45.0 41.3  30.0 25.2
(9,11,13,15) 4 2 36.6 71.6 54.0 454 441 584 418 43.5 38.6 295 24.0
57,9, 4 2 36.8 70.5 554 47.8 45.6 59.6 44.7 45.9 414 31.6 25.4
11)-Ours

The fusion strategy using four deep convolution kernels consistently outperforms the
one using only three kernels in terms of all evaluation metrics. This suggests that employing
a greater number of deep convolution kernels enables more effective and comprehensive
integration of high-frequency object features across multiple scales. In contrast, the (3, 7,
11, 15) kernel combination with a stride of 4 performs poorly on all datasets. Compared
with the (5,7, 9, 11) setting, the mAP50 drops by 2.3%, 1.7%, and 2.7% on the respective
datasets. These results indicate that using an excessively large stride during the distribution
process can lead to the loss of important high-frequency details—particularly around object
boundaries—thus weakening the model’s ability to localize objects accurately.

Moreover, using overly small depthwise convolution kernels (e.g., 3 x 3) may lead
to missed features of large-scale objects due to the limited receptive field. At the same
time, high-frequency features extracted with small kernels tend to be more vulnerable to
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interference and exhibit poor robustness. In contrast, employing excessively large kernels
(e.g., 13 x 13 or 15 x 15) often results in the loss of critical high-frequency cues essential
for accurate detection, retaining primarily mid- and low-frequency components. Both
scenarios ultimately compromise detection accuracy.

This observation is consistent with findings from adversarial attack studies on deep
neural networks, which indicate that the extraction of high-frequency features is highly
sensitive to the choice of convolution kernel size [24,53,69]. To address this issue, MFADM
adopts a multi-scale depthwise convolution kernel combination of (5, 7, 9, 11), which
serves as a compromise strategy. This design effectively balances sensitivity to fine-grained
high-frequency details and robustness against noise and perturbations, thereby achieving
optimal detection performance.

Regarding computational complexity, increasing the kernel size and the number of
kernels inevitably introduces additional computational overhead. However, the over-
all impact on inference efficiency remains minimal, making this trade-off acceptable for
practical applications.

5.2.4. Ablation Study on MFADM and Classic Multi-Scale Feature Fusion Methods

We conduct ablation experiments on the proposed MFADM and classic multi-scale
feature fusion strategies, including ASFF, PAFPN, and BIFPN. To ensure the exclusivity of
MFADM as the sole variable in the ablation experiments, we use VHeat C2f as the backbone
network and replace the normal concatenation operation in the neck with CAGFM when
evaluating the other three methods.

In addition, to clearly demonstrate the experimental effects of different methods on
objects of varying sizes, we use two thresholds, an area of 16 x 16 = 256 pixels and an
area of 32 x 32 = 1024 pixels, to categorize object sizes. The objects are divided into three
groups: extremely small objects with an area less than 256 pixels, small objects with an area
between 256 and 1024 pixels, and medium objects with an area greater than 1024 pixels.
Additionally, two object categories are selected from each group to display experimental
results: Sp from the TinyPerson dataset, Win and Sto from the AI-TOD dataset, and Mot,
Van, and Tru from the VisDrone-2019 dataset.

Figure 13 shows the experimental results, demonstrating that MFADM achieves sig-
nificant advantages in two key metrics: Rec and mAP50. Across six object categories of
varying sizes—including extremely small, small, and medium object—MFADM consis-
tently delivers the best performance. This highlights the effectiveness and robustness of
MFADM'’s ADown-based feature fusion and multi-scale large-kernel depthwise convolu-
tion distribution strategy in aerial image object detection.

Despite its strong overall performance in terms of Pre and mAP50:95 across most
categories, MFADM exhibits suboptimal results on the small object class “Sto” (area:
298.90 pixels) and the medium object class “Van” (area: 3663.10 pixels), with “Van” even
ranking last in the Pre metric. This suggests that although MFADM excels in detecting
smaller objects, it still faces limitations when handling medium or larger objects. A potential
reason lies in the design of the feature distribution stage, where multiple large-sized
depthwise convolutions are applied. While this design effectively filters high-frequency
features of extremely small and small objects, it may also lead to the excessive attenuation of
limited high-frequency details in larger objects, ultimately resulting in significant bounding
box regression loss.

In general, aerial image object detection mainly focuses on detecting small objects.
MFADM performs well on extremely small and small objects and solves the shortcomings
of several classic multi-scale feature fusion methods in some extreme cases, as shown in
Figure 5.
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Figure 13. The comparison between the proposed MFADM and classic multi-scale feature fusion
strategies on aerial image object-detection datasets is presented. The vertical axes in (a), (b), (c), and
(d) represent the performance metrics of Pre, Rec, mAP50, and mAP50:95, respectively, while the
horizontal axes indicate the average area of object instances in pixels.

5.2.5. Ablation Study on the Design of CAGFM

We conduct experiments on the AI-TOD, VisDrone-2019, and TinyPerson datasets,
using various attention mechanisms with similar computational complexity for context
guided fusion in CAGFM, including CA [70], SE [56], SimAM [71], CBAM [72], ELA [73],
and ESE [32], as used in this paper. The results are shown in Figure 14. CAGFM with the
ESE attention mechanism achieves the best results on the mAP50 and mAP50:95 metrics
across all three datasets, with the most notable effect on the VisDrone-2019 dataset. This
is because ESE more effectively highlights the object regions of various categories in the
image through an efficient attention mechanism, thereby enhancing the quality of the
feature fusion process, especially for small object detection in dense, light-affected scenes
in the VisDrone-2019 dataset.

In addition, for the GFLOPs metric, ESE is relatively lightweight among the six at-
tention mechanisms, significantly lower than ELA, which ranks second in accuracy. This
demonstrates that ESE reduces redundant operations through effective parameter-sharing
mechanisms and efficient feature selection strategies. Compared to other mainstream atten-
tion mechanisms, it maintains a lightweight model structure while effectively enhancing
contextual information interaction between multi-scale objects in aerial images.

5.3. Small Object Detection Performance Analysis

Due to the frequent occurrence of densely distributed and low-resolution objects in
aerial imagery, this study focuses on the task of small object detection. As illustrated in
Figure 8, and following the MS COCO definition, objects smaller than 32 x 32 pixels are
categorized as small objects. To better evaluate the effectiveness of the proposed VMC-
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DETR in this context, we analyze its performance on three benchmark datasets: AI-TOD
(as shown in Table 3), VisDrone-2019 (as shown in Table 4), and TinyPerson (as shown in
Table 5).

AI-TOD VisDrone-2019 TinyPerson

I cA N sE N simAM [N ceAM N ELA [ ESE

Figure 14. Effect of different attention mechanisms in CAGFM on context-guided fusion, evaluated
through ablation experiments across the AI-TOD, VisDrone-2019, and TinyPerson datasets. Higher
Pre, Rec, mAP50, and mAP50:95 indicate greater model accuracy, higher FPS represents faster
inference, and lower GFLOPs imply a more lightweight model.

In the AI-TOD dataset, more than 87.7% of objects are considered small, with a mean
object size of only 12.8 pixels. VMC-DETR achieves the highest AP in small-object dominant
categories such as Air, Per, and Veh, with scores of 42.0%, 30.7%, and 69.7%, respectively,
indicating strong robustness in dense aerial scenes.

The VisDrone-2019 dataset contains a high proportion of small targets in categories like
Peo, Ped, and Mot. In these categories, our method outperforms other baselines with up to
47.9% AP on Peo, clearly demonstrating improved sensitivity to small-scale object features.

The TinyPerson dataset consists almost entirely of extremely small human instances.
VMC-DETR achieves AP scores of 19.3% and 31.5% for the Ep and Sp categories, outper-
forming the best baseline method by 1.4% and 1.0%, respectively.

These results affirm that the high-frequency feature enhancement and multi-scale
context-aware design of VMC-DETR are particularly beneficial for small object detection,
which is critical for real-world aerial applications.

5.4. Computational Complexity Analysis

The proposed VMC-DETR framework introduces three modules—VHeat C2f, MFADM,
and CAGFM—each designed to enhance performance while maintaining computational
efficiency. This section provides a theoretical analysis of their complexity characteristics.
The actual effectiveness of this design is quantitatively demonstrated in Table 3 and through
the ablation experiments presented in this section.

VHeat C2f Module: By integrating frequency-domain heat conduction into the back-
bone, the module leverages a HCO based on DCT. This operator operates with a time
complexity of O(N'?), where N denotes the number of spatial locations. This is more
efficient than traditional attention mechanisms (O(N?)), and the frequency filtering is
applied selectively to balance precision and overhead.

MFADM Module: The MFADM utilizes depthwise separable convolutions with large
kernels (5 x 5 to 11 x 11) to capture multi-scale spatial context. Depthwise convolutions
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significantly reduce computational load compared to standard convolutions, and their
parallel arrangement introduces only marginal cost while substantially expanding the
receptive field.

CAGFM Module: The CAGFM applies a lightweight attention mechanism, ESE (Effec-
tive Squeeze and Extraction), which uses a single fully connected layer without dimensional
expansion. This module avoids expensive multi-head attention and maintains linear com-
plexity relative to channel count, adding negligible burden to the overall model.

In summary, all modules are constructed based on lightweight design principles, with
their computational complexity strictly controlled to ensure real-time inference capabil-
ity. Naturally, the integration of multiple modules introduces additional computational
overhead, as shown in Table 3. VMC-DETR achieves 36.8 FPS, 70.5 GFLOPs, 9.2 IT, and
302 MU, which are slightly lower than those of the baseline model and YOLO series in
terms of real-time performance and memory efficiency. Nevertheless, VMC-DETR strikes
a well-considered balance between detection accuracy and computational efficiency. It is
compatible with mainstream edge computing platforms such as the Raspberry Pi 4B and
NVIDIA Jetson Nano, making it suitable for real-time aerial applications under resource-
constrained conditions, although it may encounter limitations on lower-end smartphones
or older mobile devices.

6. Conclusions and Future Work
6.1. Conclusions

This paper proposes the VMC-DETR framework for object detection in aerial images,
targeting key challenges such as small objects, complex backgrounds, and overlapping
or occluded targets that are common in remote sensing scenarios. VMC-DETR integrates
three novel modules—Visual-frequency Heat-enhanced C2f (VHeat C2f), Multi-scale Fea-
ture Aggregation and Distribution Module (MFADM), and Context Attention Guided
Fusion Module (CAGFM)—to improve feature extraction and multi-scale feature fusion.
These modules enhance both the backbone and neck stages of the network, leading to
performance improvements across three public datasets: AI-TOD, VisDrone-2019, and
TinyPerson. Ablation experiments confirm the individual and combined contributions of
these modules, and visualization results demonstrate their effectiveness in reducing false
positives and negatives in complex aerial scenes. VMC-DETR shows strong potential in
practical applications such as urban planning, environmental monitoring, disaster man-
agement, and drone-based surveillance. Its accurate detection of small and dense objects
supports critical tasks in real-time remote sensing systems and contributes to data-driven
decision-making in diverse application domains.

6.2. Future Work

While VMC-DETR achieves excellent results on standard aerial image datasets, its
application in real-world scenarios still presents several important challenges and opportu-
nities for further research.

First, the current evaluation is limited to offline inference on high-performance GPUs.
To realize the full potential of VMC-DETR in time-sensitive or mobile sensing tasks—such as
drone-based monitoring or embedded remote sensing systems—future work should focus
on hardware-level deployment. This includes porting the model to resource-constrained
platforms (e.g., NVIDIA Jetson Nano, Orin, or ARM-based SoCs) and addressing the trade-
off between accuracy, latency, and energy consumption. Quantization, pruning, and neural
architecture search tailored to embedded environments will be key to enabling efficient
on-device inference.
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Second, although VMC-DETR is optimized for aerial RGB imagery, real-world appli-
cations often involve heterogeneous sensor data such as infrared, SAR, or multi-spectral
inputs. Extending the current framework to multi-modal data fusion—while preserv-
ing high-frequency detail and spatial context across modalities—remains a crucial re-
search direction. This would improve robustness under varying lighting, weather, or
occlusion conditions.

Third, the proposed modules are currently fixed in structure and configuration. In
dynamic environments or evolving mission tasks, a static architecture may struggle to adapt.
Future efforts may explore adaptive computation mechanisms, such as dynamic receptive
fields, runtime scale selection, or attention-based pruning strategies. These approaches
could endow the model with the ability to self-adjust according to scene complexity or
device constraints, improving generalizability and sustainability.

Finally, the real-world deployment of aerial detection models also raises concerns
around model robustness, adversarial safety, and long-term maintenance. Investigating
continual learning strategies, edge-cloud collaborative inference pipelines, and security-
aware optimization will further enhance the readiness of VMC-DETR for operational use.
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Abstract: Haze caused by atmospheric scattering often leads to color distortion, reduced
contrast, and diminished clarity, which significantly degrade the quality of remote sensing
images. To address these issues, we propose a novel network called DWTMA-Net that
integrates discrete wavelet transform with multi-dimensional attention, aiming to restore
image information in both the frequency and spatial domains to enhance overall image
quality. Specifically, we design a wavelet transform-based downsampling module that
effectively fuses frequency and spatial features. The input first passes through a discrete
wavelet block to extract frequency-domain information. These features are then fed into a
multi-dimensional attention block, which incorporates pixel attention, Fourier frequency-
domain attention, and channel attention. This combination allows the network to capture
both global and local characteristics while enhancing deep feature representations through
dimensional expansion, thereby improving spatial-domain feature extraction. Experimental
results on the SateHazelk, HRSD, and HazyDet datasets demonstrate the effectiveness
of the proposed method in handling remote sensing images with varying haze levels
and drone-view scenarios. By recovering both frequency and spatial details, our model
achieves significant improvements in dehazing performance compared to existing state-of-
the-art approaches.

Keywords: remote sensing; image dehazing; wavelet transformation; attention

1. Introduction

The quality of remote sensing imagery is often compromised by complex atmospheric
interferences, including haze and semi-transparent clouds. Not only do these detrimental
factors weaken the signal quality, but they also distort visual information and obscure
important details, thereby limiting large-scale data collection and real-time monitoring.
Therefore, it becomes challenging to restore the information of remote sensing images.
High-quality and clear images can provide richer and more accurate visual information,
which is essential to improve the performance and reliability of various downstream
tasks [1-4] (in areas such as temporal variation analysis, hazard assessment, ecological
evaluation, and defense-related observations).

Existing image dehazing solutions can be grouped into two fundamental paradigms:
prior-informed algorithms and data-driven learning approaches. In the early stages of
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research, prior-based methods were proposed to reduce the impact of haze on images.
These methods typically rely on the atmospheric scattering model (ASM) [5] to reconstruct
clear images. Nevertheless, these methods frequently lack robustness and fail to effectively
adapt to the highly variable haze characteristics present in diverse imaging scenarios,
thereby limiting their real-world applicability.

Deep learning-powered dehazing techniques [6—17] have emerged as highly effec-
tive alternatives, exhibiting superior generalization and enhanced performance when
compared to prior-guided methods. Through the use of comprehensive datasets, such
techniques can autonomously map hazy to clear imagery, bypassing reliance on predefined
physical models. This allows them to excel even in variable atmospheric conditions, as
they effectively capture intricate features and trends from the data. Although early deep
learning-based dehazing methods [18,19] were designed based on the atmospheric scat-
tering model, their practical application in real-world haze scenes remains challenging.
This is mainly because the physical scattering model cannot fully capture the complexity
and diversity of real atmospheric conditions, limiting the effectiveness of these methods in
complex environments.

To bypass the limitations of traditional learning-based dehazing techniques, recent ap-
proaches have adopted end-to-end learning architectures that aim to completely eliminate
the dependence on physical modeling. Among these approaches, multi-scale convolutional
neural networks (CNNs) [20,21] have gained significant attention, as they can directly
learn the mapping from hazy images to their clear counterparts. The effectiveness of these
methods largely stems from their ability to automatically extract rich and discriminative
features through stacked convolution layers. However, a fundamental limitation of con-
volution operations is their inherently local nature, which restricts the model’s ability to
capture long-range dependencies and global contextual information. In response to this
issue, researchers have employed hierarchical feature extraction techniques, along with
adaptive focus modules, to enhance the model’s ability to capture scene-wide information
during haze removal. A notable example is FFA-Net [22], which employs a channel-wise
attention mechanism to model non-local dependencies across different image regions,
thereby effectively enhancing the network’s ability to incorporate global information and
improve dehazing performance.

The field of image dehazing has seen rapid progress in recent years, including
Transformer-based networks [23-25], the Mamba paradigm [26], and diffusion-based
frameworks [27-29], all of which have contributed to notable improvements through
novel architectural designs. By utilizing self-attention, Transformer networks are capable of
modeling distant spatial dependencies, addressing the limitations inherent in convolutional
structures with restricted receptive scopes. Modeling global context allows the dehazing
network to capture the holistic structure of the scene, thereby producing outputs with
higher fidelity and visual consistency. The Mamba framework further enhances dehazing
accuracy and detail recovery by incorporating multi-scale learning and efficient feature
fusion strategies. This framework leverages a multi-scale feature extraction network, al-
lowing it to effectively handle haze at varying intensities while maintaining robustness in
complex scenes. Diffusion models, as generative models, have also shown great potential
for image dehazing by simulating a gradual denoising process. These models learn to
reverse the noise process, helping to recover clear images while preserving finer details
and structural information, making them well-suited for addressing complex haze and
visual impairments. Together, Transformer-based methods, the Mamba framework, and
diffusion models provide more precise and flexible solutions for image dehazing.

This paper proposes a dehazing network called DWTMA-Net, which is designed to re-
store both frequency- and spatial-domain information in remote sensing images. Built on a
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U-shaped architecture, the model consists of three key modules: the Discrete Wavelet Block
(DWB), the Multi-dimensional Attention Block (MAB), and the Wavelet Downsampling
Module (WDM). The DWB uses the Haar Discrete Wavelet Transform (DWT) to decompose
features into four frequency components, where low-frequency features are processed
by a small AOD network for feature extraction, and high-frequency features are refined
using dilated residual blocks. The inverse wavelet transform is then applied to reconstruct
spatial information. The MAB employs depthwise separable convolutions for deep feature
extraction, followed by convolutions with various kernel sizes to enhance feature diver-
sity. It further applies channel attention, pixel attention, and Fourier frequency attention,
integrating them into a multi-dimensional attention mechanism to capture both global
and local features. Meanwhile, the WDM leverages the Haar DWT for downsampling,
combining frequency information from the wavelet transform with spatial information
from convolutional downsampling for improved feature representation.

Main Contributions of This Paper

* A novel model is proposed that combines frequency-domain information from the
discrete wavelet transform (DWT) with spatial-domain features from convolution.
Validation using the complex SateHazelk [30], HRSD [31], and HazyDet [32] datasets
confirms its effectiveness in enhancing detail and visual quality.

e To enhance spatial-domain feature information, a novel multi-dimensional attention
module is proposed, applying different attention mechanisms to various features
extracted through different convolutions.

e To achieve frequency-domain processing, a novel frequency processing module is
proposed, which extracts and refines features from four distinct frequency components
generated by the Haar discrete wavelet transform (DWT).

e To capture both frequency- and spatial-domain features, a novel downsampling
method is proposed, combining Haar wavelet transform and convolution for ef-
fective downsampling.

2. Related Works
2.1. Prior-Guided Image Dehazing Methods

Traditional image dehazing methods based on prior knowledge typically utilize statis-
tical assumptions and physical constraints derived from haze characteristics to infer the
transmission map and estimate atmospheric illumination. Among the earliest contribu-
tions, Tan et al. [33] exploited the contrast difference between hazy and haze-free images to
enhance visibility in degraded scenes. The technique focuses on amplifying local contrast
to boost image visibility and reconstruct haze-free content. He et al. [34] used the dark
channel prior to estimate the transmission map, assuming that haze-free images contain
at least one color channel with low intensity in most non-sky regions. It then applies the
atmospheric scattering model to recover clear images. Fattal [35] utilized the observation
that color lines in the RGB space remain invariant in hazy images and applied this property
to estimate the transmission map and recover clear images. Tang et al. [36] advanced
prior-driven dehazing by fusing diverse priors related to haze appearance, including edge
sharpness, color richness, and contrast, and utilized a random forest regressor to learn
the transmission map estimation process. Zhu et al. [37] relied on the observation that
haze causes a color attenuation effect, particularly in the blue channel, and utilized this
prior to estimate the transmission map and restore clear images efficiently. According to
Berman et al. [38], haze induces the transformation of pixel clusters in clear images into
haze-like structures. They leveraged this phenomenon to propose a non-local prior aimed
at representing clean image characteristics.
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By analyzing the haze formation process and simulating its physical characteristics,
the physical prior-based method reconstructs clear images from hazy ones. The foundation
of this approach is the atmospheric scattering model detailed below:

I(x) = J(x)t(x) + A(1 = £(x)) @

In this model, I(x) denotes the hazy image captured by the camera, while J(x) repre-
sents the corresponding clear image. The transmission map (t(x)) characterizes how much
light from the scene directly reaches the camera, and A stands for the global atmospheric
illumination. Accurate estimation of ¢(x) and A allows for the recovery of the original
scene radiance (J(x)), thereby producing a haze-free image.

2.2. Data-Driven Approaches for Image Dehazing

These data-driven techniques typically utilize deep learning architectures to either
predict transmission and atmospheric components informed by physical scattering mecha-
nisms or transform hazy images into their dehazed versions through end-to-end learning,
bypassing the need for handcrafted physical assumptions. The first strategy incorporates
the principles of atmospheric scattering to guide the training procedure, whereas the sec-
ond directly establishes a haze-to-clear transformation pipeline, eliminating the reliance
on traditional physical formulations. In one of the earliest works using CNNs for haze
removal, Cai et al. [18] developed DehazeNet, which processes hazy images through a
learnable architecture to estimate the corresponding transmission maps. Li et al. [39]
proposed an all-in-one dehazing network with the aim of simultaneously estimating both
the atmospheric light and the transmission map, directly producing haze-free images. It
uses an adaptive network structure to improve the accuracy and efficiency of haze removal
in a unified framework. Liu et al. [20] employed an attention-based multi-scale network for
image dehazing, incorporating grid-based attention mechanisms to focus on haze-affected
regions. This approach enables the model to effectively capture both global and local
features, improving haze removal across varying densities. Qin et al. [22] utilized a feature
fusion attention network that combines multi-scale feature fusion with attention mecha-
nisms to enhance haze removal while preserving important image details. Lu et al. [40]
employed a mixed-structure block that integrates multiple network components to capture
both global and local features, improving the performance of image dehazing. Similarly,
Cui et al. [41] used an omni-kernel convolutional approach that combines multiple kernel
sizes in a unified framework to capture diverse image features. This method allows the net-
work to effectively handle various image restoration tasks, including dehazing, by adapting
to different spatial structures. Sui et al. [42] proposed a U-shaped dual attention network
based on the Vision Mamba architecture, which utilizes multi-scale feature extraction and
attention mechanisms to effectively remove haze from satellite remote sensing images.

3. Method

As shown in Figure 1, the overall structure of DWTMA-Net adopts a U-shaped design
and is divided into five levels. Each level embeds a Frequency Feature Extraction Block
(FFEB), which integrates the proposed DWB and MAB modules in series. The input
and output dimensions of the DWB and MAB modules are B x C x H x W for the first
and fifth levels, B x 2C x % X % for the second and fourth levels, and B x 4C x % X %
for the third level. The SK fusion module serves as an adaptive mechanism for fusing
multi-scale or cross-level features, aiming to enhance detail and structural information in
dehazed images. The WDM module employs the Haar discrete wavelet transform (DWT)
to reduce feature resolution by half and combines it with convolutional downsampling to
capture both frequency- and spatial-domain information. The DWB module transforms
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features into the frequency domain and applies customized processing strategies to different
frequency components. The MAB module leverages multiple attention mechanisms to
process spatial information and dynamically capture edge details, global context, and
multi-dimensional features.

This network achieves multi-scale feature fusion through an encoder-decoder archi-
tecture with skip connections, balancing the need for global haze distribution modeling
and local detail preservation. The core innovation lies in the dual-branch wavelet down-
sampling module: the Haar wavelet branch explicitly decomposes frequency-domain
sub-bands (LL/LH/HL/HH), effectively preventing the loss of high-frequency informa-
tion typically caused by traditional downsampling; meanwhile, the parallel convolutional
branch extracts spatial-domain features, enhancing adaptability to the spatial distribution
of haze. The two branches are fused via element-wise addition to achieve complemen-
tary modeling between the frequency and spatial domains. Combined with the wavelet
processing block (for frequency-domain feature enhancement) and the multi-dimensional
attention block (for dynamic feature recalibration), this forms a collaboratively optimized
feature representation mechanism. The inverse wavelet transform further ensures lossless
reconstruction during the decoding phase.
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Figure 1. Structure of discrete wavelet transform and multi-dimensional attention.

3.1. Wavelet Downsampling Module

Our WDM extends traditional downsampling by incorporating discrete wavelet trans-
form (DWT) to capture frequency information, in contrast to conventional methods that
rely solely on convolutions for feature size reduction. By integrating the sampled spa-
tial and frequency information, the WDM performs an additive fusion of convolutional
downsampling and wavelet transform, as shown in Figure 2.
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X = Conv(x) @ Conv(DWT(x)). ()

where X represents the output of downsampling; x represents the input of the previous
stage; and Conv(-) and DWT(-) represent the convolution and wavelet transform process-
ing of the input of the previous stage, respectively.

Our downsampling module is designed with a dual-branch architecture to effectively
capture both frequency-domain and spatial-domain information, enhancing the representa-
tional capacity of the network. The first branch applies a Haar wavelet transform to the
input feature map, decomposing it into four sub-bands: LL, LH, HL, and HH. The LL sub-
band retains low-frequency components that represent the overall structure and contours of
the image, while the LH, HL, and HH sub-bands extract directional high-frequency details
such as edges and textures. This branch enables explicit modeling of multi-scale and multi-
directional frequency features, which is particularly beneficial for capturing fine details
and haze boundaries. The second branch employs a standard convolution with a stride
of 2 to perform spatial downsampling, preserving local context and semantic structure in
the spatial domain. The outputs of the two branches are fused via element-wise addition,
allowing the network to integrate complementary features from both domains. This design
improves the network’s ability to perceive structural and textural details, leading to more
effective dehazing in complex remote sensing scenarios.

In the network design, we innovatively improve the encoder’s downsampling process
by introducing a self-developed dual-branch wavelet downsampling module in the down-
sampling layers, replacing the traditional max pooling or strided convolution operations.
This module integrates a multi-scale frequency-domain feature extraction mechanism,
significantly enhancing the network’s ability to represent detailed image features while
maintaining efficient downsampling.

LL HH
EV
E><—><C ar
HL LH 2 2

Element-wise @ Cat
Sum

Figure 2. Structure of WDM.

3.2. Discrete Wavelet Block

Our FFEB first extracts features in the frequency domain from the wavelet-downsampled
features, then performs spatial-domain feature extraction before producing the final output,
as shown in Figure 1.

Wavelet transform can reduce the spatial dimensions by half with each transformation
without sacrificing information, unlike other techniques, such as Fast Fourier Transform
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(FFT) and Discrete Cosine Transform (DCT), which may result in information loss. Haar
wavelet transform converts the input into four sub-bands, i.e.,

fri, fui, fra, fag = DWT(X). 3)

In the discrete wavelet block (DWB), we first apply the Haar discrete wavelet transform
to obtain four sub-band frequency features. The LL sub-band typically contains most of
the signal energy, while the other three sub-bands capture edge and detail information.
The LL sub-band is processed using a small AOD network for feature extraction, while
the other three sub-bands undergo refinement using dilated residual blocks to enhance
high-frequency features. Finally, the inverse wavelet transform is applied to produce the
output feature map.

Drawing inspiration from AOD [39], we designed a lightweight Small AOD Dehazing
Block (SAOD) grounded in the analytical formulation presented in Equation (4), with its
structural details illustrated in Figure 3. First, according to the physical model, the clear
image () is expressed as follows:

J(x) = K(x)I(x) — K(x) +b
ﬁ([(x) —A)+ (A-b) 4)
K(x) = ==

I(x)—1

In the equation, K(x) represents a parameter that fuses ¢(x) and A from the atmo-
spheric scattering model into a single term, and b denotes the bias term.

Considering b as a bias, we adopt a learning-based approach to estimate this bias.
To begin with, we employ global average pooling to compress the feature dimensions
and filter out repetitive or non-informative content from the representation space. GAP
computes the average value of the feature map across its spatial dimensions, resulting in a
one-dimensional feature vector that aligns with the characteristics of the bias value. This
vector then undergoes a 1 x 1 convolution for feature transformation, followed by sigmoid
activation to obtain the bias (b). The estimated b is represented as follows:

b = o(Conv(LeakyRelu(Conv(GAP(f11))))). (5)

However, since the transmission map (K) is non-homogeneous, applying GAP would
result in information loss. Consequently, we employ stacked convolutional layers with a
3 x 3 kernel size to facilitate feature learning, as elaborated below:

K = o(Conv(LeakyRelu(Conv(Conv(frr)))))- (6)
Therefore, through SAOD, we obtain the le 1, feature as follows:
fii=K®fLoKab @

For the remaining three sub-bands, we employ dilated residual blocks to refine the
features. These blocks use dilated convolutions with dilation rates of 1, 2, and 1; a kernel
size of 3; and a stride of 1, as illustrated in Figure 3. Subsequently, the refined features are
restored to the spatial domain using the inverse wavelet transform, as described below:

fiv fins fun = DilateRes(fur, fim, fun),

’ / / / (8)
X =IDWT(frr, fur fons fan)-
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In this formulation, ¢ (-) is the sigmoid nonlinearity, and Conv(-) indicates a stan-
dard convolutional layer. While 1 x 1 convolutions are designed for manipulation of
channel-wise information and scaling dimensions, 3 x 3 kernels are favored for their effi-
ciency in extracting spatial context and identifying localized features, including edge and
texture patterns.
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Figure 3. Structure of SAOD and dilated residual block.

3.3. Multi-Dimensional Attention Block

Within the MAB framework, a depthwise convolution (DWConv) is first applied,
ensuring the preservation of feature details while improving computational efficiency.
We then apply normalization to ensure consistent feature scales and facilitate more rapid
network training. To enhance feature diversity, we use convolutions with a kernel size of 1
and 3 to increase the number of channels. The convolution with a kernel size of 1 mainly
handles channel transformation and dimensional adjustment, while the convolution with
a kernel size of 3 captures local patterns. After extracting and normalizing the features,
they are fused to provide a more comprehensive input representation. Finally, another
convolution with a kernel sizeof 3 is applied to further refine the features.

x9 = BN(DWConv(X)),

x1 = Conv3(Relu(Conv(xg) & Conv(xyp))). ©

According to FFA-Net [22], pixel attention is essential for isolating scale-relevant
structures through the enhancement of significant pixel information. Pixel-level attention
is designed to pinpoint and enhance critical spatial areas within an image—an ability espe-
cially valuable in dehazing tasks, where preserving local visibility is vital. To complement
this, we incorporate a Channel Attention (CA) module operating in parallel. While the spa-
tial branch emphasizes localized clarity, the channel branch selectively boosts haze-relevant
responses based on global contextual cues. This combined attention strategy enables the
model to effectively integrate detailed textures with high-level semantic features.

xa = PA(x1) ® CA(x1),

(10)
xp = 0(FAM(x1)).

The outputs from the dual attention modules are fused through element-wise summa-
tion, yielding a richer and more informative feature representation. Inspired by the strategy
proposed by Ma et al. [43], we apply a frequency-aware modulation using a Frequency
Attention Module (FAM) scaled via a sigmoid activation to adaptively adjust the feature
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intensity and improve representational expressiveness. To further refine the features, a
1 x 1 convolution is employed to reduce dimensionality, condense critical information, and
mitigate overfitting risks. This is followed by a 3 x 3 convolution to expand contextual
understanding, alongside a residual connection that preserves the original signal. The
final output effectively combines both refined enhancements and retained inputs, ensuring
robustness for downstream tasks.

Yout = DWConv(Conv(x, ® x5)) @ X. (11)

In this expression, o(-) denotes the sigmoid activation, while ® indicates an element-
wise multiplication. The sigmoid operation is mathematically defined as follows:

o(x) = (12)

3.4. Loss Function

While L; loss is widely adopted in dehazing tasks, empirical results from recent image
restoration studies reveal that L loss can achieve more favorable performance, particularly
in terms of PSNR and SSIM. Therefore, we adopt the simpler L; loss as our primary
objective. To further enhance the restoration of frequency details, we introduce a frequency
loss by applying Fourier Transform (FT) to both the output and ground-truth images and
computing the L loss between their real and imaginary components.

Loss = ||] - GT”l +A- [H]real - GTrealHl + ||]imag - GTimagHJ (13)

where | denotes the output remote sensing image after dehazing by DWTMA-Net; GT
refers to its corresponding ground-truth counterpart; J,.,; represents the real part of the
generated image; G T, represents the real part of the ground-truth image; Ji;u.¢ represents
the imaginary part of the generated image; GTj;,,¢ represents the imaginary part of the
ground-truth image; and A represents the weight, which is 0.1.

4. Results
4.1. Datasets

We evaluate the performance of the proposed DWTMA-Net on two synthetic remote
sensing (RS) haze datasets—SateHazelk [30] and HRSD [31]—as well as one real-world
UAV-based hazy dataset, HazyDet [32]. SateHazelk is divided into three subsets corre-
sponding to different haze densities: thin, moderate, and thick. Each subset includes
320 training samples and 45 testing images. Thin haze scenes are generated using haze
masks extracted from real cloud formations, while moderate haze images blend charac-
teristics of mist and medium haze. Thick haze is simulated using transmittance maps to
represent dense atmospheric conditions.

The HRSD dataset consists of two subsets: LHID and DHID. LHID contains
30,517 training images and 500 test images, generated through the atmospheric scattering
model to simulate varying levels of haze, thereby improving the model’s robustness across
different haze intensities. In comparison, DHID includes 14,990 images that are synthesized
using real haze maps, offering a more authentic representation of haze characteristics.
Among these, 14,490 images are designated for training, while 500 are reserved for test-
ing. The inclusion of both synthetic and real haze features in these subsets provides a
comprehensive platform for evaluating the dehazing capabilities of DWTMA-Net.

In order to showcase the generalization ability of our model in practical settings, we
assess its performance using the newly introduced HazyDet dataset, which consists of
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drone-captured images affected by haze. The dataset consists of a training set with 8000 im-
ages, a validation set with 1000 images, and a test set with 2000 images. It contains a mix of
authentic hazy images captured under natural fog conditions, as well as artificially created
hazy images generated through the Atmospheric Scattering Model (ASM). Additionally,
HazyDet features a dedicated real hazy drone detection test set (RDDTS) designed to assess
model robustness in practical scenarios. Figure 4 provides examples of training samples
from the dataset.

Figure 4. Example of training samples from the HazyDet dataset.

4.2. Implementation Details

Our DWTMA-Net was trained and tested using the PyTorch framework (version
1.13.1) on a system equipped with four NVIDIA GeForce GTX 1080 Ti GPUs. To enhance
the training data, we applied random rotations of 90°, 180°, and 270°, as well as horizontal
flipping. The input images were RGB remote sensing data resized to 240 x 240 pixels. For
the FFEB, we set the configuration as [N1, N2, N3, N4, N5] = [2, 2, 4, 2, 2], with respective
embedding channels of [24, 48, 96, 48, 24]. The batch size was set to 16 for each sub-dataset.
The initial learning rate was initialized at 2.0 x 10~* and reduced progressively to zero
using a cosine annealing scheduler.

We assessed the generalization capacity and performance of DWTMA-Net through
comprehensive comparisons across various tasks. To maintain consistency, we utilized the
official codebases released by the respective authors during the training process.

4.3. Quantitative Evaluations

The quantitative evaluation results on the HRSD and SateHazelk datasets are shown
in Tables 1 and 2, with performance assessed using PSNR and SSIM metrics, as well as
the average results across various haze density levels. Additionally, Table 3 presents the
results on the HazyDet dataset, further highlighting the model’s ability to generalize for
UAV-based image dehazing tasks.
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Table 1. Comparative analysis on the SateHazelk dataset, where bold indicates the optimal method

and underline signifies the second best.

Method Thin Haze Moderate Haze Thick Haze Average
PSNR SSIM NIQE PSNR SSIM NIQE PSNR SSIM NIQE PSNR SSIM NIQE
DCP [34] 20.15 0.8645 1798 20.51 0.8932 17.09 15.77 0.7117 1773 18.81 0.8241 17.60
AOD-Net [39] 1597 08169 18.66 1539 0.7442 1728 1444 0.7013 1791 1527 0.7541 17.95
FCTF-Net [44] 19.13 0.8532 1877 2232 09107 1775 17.78 0.7617 18.14 19.74 0.8419 18.22
GridDehaze-Net [20] 19.81 0.8556 18.77 22.75 0.9085 16.35 1794 0.7551 18.69 20.17 0.8397 17.94
FFA-Net [22] 24.04 09130 17.09 25.62 09336 16.80 21.70 0.8422 17.35 23.79 0.8963 17.08
MixDehaze-Net [40] 22.12 0.8822 18.04 2392 09040 16.08 1996 0.7950 1794 22.00 0.8604 17.35
OK-Net [41] 20.68 0.8860 17.78 2539 09406 1747 2021 0.8186 1857 22.09 0.8817 17.94
Dehazeformer [24] 2490 09104 16.88 2713 09431 16.70 22.68 0.8497 17.64 2490 09011 17.07
VmambalR [26] 20.81 0.8753 18.28 24.34 09132 16.61 20.04 0.8045 1796 21.73 0.8643 17.62
FCDM [27] 18.94 0.8486 18.08 1736 0.8753 16.81 16.97 0.7530 18.09 17.76 0.8256 17.66
MMPD-Net [45] 25.16 0.9227 16.76 27.30 0.9454 16.76 22.85 0.8571 17.96 25.10 0.9084 17.16
DWTMA-Net 25.59 0.9229 16.71 27.53 0.9459 16.80 22.88 0.8576 17.33 25.33 0.9088 16.95
Table 2. Comparative analysis on the HRSD dataset, where bold indicates the optimal method and
underline signifies the second best.
Method LHID DHID Average
PSNR SSIM NIQE PSNR SSIM NIQE PSNR SSIM NIQE
DCP [34] 21.34 0.7976 19.84 19.15 0.8195 18.99 20.25 0.8086 19.42
AOD-Net [39] 21.91 0.8144 19.53 16.03 0.7291 18.91 18.97 0.7718 19.22
FCTF-Net [44] 28.55 0.8727 19.27 22.43 0.8482 18.61 25.49 0.8605 18.94
GridDehaze-Net [20] 25.80 0.8584 19.54 26.77 0.8851 18.93 26.29 0.8718 19.24
FFA-Net [22] 29.33 0.8755 19.02 24.62 0.8657 18.50 26.98 0.8706 18.76
MixDehaze-Net [40] 29.47 0.8631 19.26 27.36 0.8864 18.89 28.42 0.8748 19.08
OK-Net [41] 29.03 0.8766 18.73 27.80 0.8973 18.17 28.42 0.8870 18.45
MMPD-Net [45] 29.76 0.8771 18.98 28.23 0.8977 18.29 29.00 0.8874 18.64
FCDM [27] 15.16 0.6459 18.79 17.13 0.6978 20.43 16.15 0.6719 19.61
DWTMA-Net 29.86 0.8828 18.70 28.34 0.8981 18.15 29.10 0.8905 18.43

Table 3. Comparative analysis on the HazyDet dataset, where bold indicates the optimal method

and underline signifies the second best.

HazyDet
Method PSNR SSIM NIQE
DCP [34] 17.03 0.8024 12.30
AOD-Net [39] 18.99 0.7808 12.27
FCTEF-Net [44] 24.89 0.8552 12.23
GridDehaze-Net [20] 26.66 0.8801 11.33
FFA-Net [22] 27.12 0.8782 11.31
MixDehaze-Net [40] 28.75 0.9068 11.30
OK-Net [41] 27.76 0.8875 11.36
DWTMA-Net 29.02 0.9108 11.23

As shown in Table 1, our proposed DWTMA-Net achieves significant PSNR and SSIM
improvements across different haze levels, including light, moderate, and dense conditions.

Since dense haze severely degrades image quality, presenting particularly difficult restora-

tion challenges for remote sensing data, our method exhibits marginally lower performance

in such conditions. Traditional methods such as DCP and AOD-Net perform poorly over-
all, while FFA-Net, MixDehaze-Net, OK-Net, and Dehazeformer demonstrate moderate
performance. MMPD-Net achieves relatively strong results. Nevertheless, DWTMA-Net
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still outperforms other models on several key metrics. Notably, our method shows excel-
lent performance, with average PSNR and average SSIM gains of 0.23 and 0.0004 higher
than the second-ranked MMPD-Net, respectively. These findings confirm DWTMA-Net's
effectiveness and robustness in addressing remote sensing image dehazing challenges.

Table 2 demonstrates DWTMA-Net’s superior performance on two benchmark syn-
thetic datasets (LHID and DHID). On LHID, it outperforms MMPD-Net (previous state
of the art), with gains of 0.1 dB in PSNR and 0.0057 in SSIM. On the DHID dataset, PSNR
is increased by 0.11 dB and SSIM by 0.0004. It is worth noting that MMPD-Net ranks
second across all metrics, with results close to ours, which may be attributed to its use
of multi-scale convolutions and feature dimensionality expansion. Overall, these results
demonstrate the strong dehazing capability and robust performance of DWTMA-Net in
remote sensing image dehazing tasks.

To demonstrate that the model not only performs well on specific datasets but also
adapts to more complex and diverse data from real-world applications, showcasing its
strong adaptability, robustness, and generalization ability, we added a UAV-based image
dataset for comparison. As shown in Table 3, our model achieves significantly superior
performance across all metrics. Significant quality improvements are observed, with our
model exceeding the second-best method’s performance by 0.27 dB PSNR and 0.0233 SSIM.

We use two key metrics to evaluate the computational efficiency and memory require-
ments of the proposed model: FLOPs and the number of parameters. FLOPs represent the
number of floating-point operations required for a single forward pass, reflecting the com-
putational cost. The number of parameters indicates the total trainable weights, reflecting
memory usage. Fewer FLOPs and fewer parameters make the model more suitable for
deployment in resource-constrained or real-time scenarios, as shown in Table 4. Our SAOD
is a simplified version of AOD, with 170.66M FLOPs and 684B parameters.

Table 4. Comparison of FLOPs and parameters across models.

Method FLOPs Parameters
DCP - -

AOD-Net 457.70 (M) 1.76 (K)

FCTF-Net 40.19 (G) 163.48 (K)

GridDehaze-Net 85.72 (G) 955.75 (K)
FFA-Net 624.20 (G) 4.68 (M)
MixDehaze-Net 114.30 (G) 3.17 (M)
OK-Net 158.20 (G) 4.43 (M)
MMPD-Net 298.19 (G) 8.66 (M)
DWTMA-Net 188.72 (G) 8.34 (M)

4.4. Qualitative Evaluations

The experiments utilize three benchmark datasets covering satellite (SateHazelk),
surface (HRSD), and aerial (HazyDet) hazy scenarios.

A performance comparison of various dehazing approaches on the light-haze test set is
presented in Figure 5. The figure reveals that DCP and AOD-Net demonstrate constrained
dehazing capability, leaving substantial haze remnants and apparent chromatic aberrations
in output images. GridDehaze-Net and OK-Net are able to remove most of the haze, but a
small amount still lingers. Although FFA-Net and MixDehaze-Net achieve better dehazing
results, they fall short in color restoration. In particular, the areas highlighted by red boxes
fail to accurately reproduce the colors of the reference images. In contrast, both MMPD-
Net and DWTMA-Net demonstrate strong dehazing capabilities and produce results that
closely resemble the ground truth. Specifically, in the red-box regions, DWTMA-Net
achieves more accurate color recovery, whereas MMPD-Net tends to render the grass and
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trees with slightly lighter tones compared to the reference image. The quantitative metrics
displayed below the images further highlight the differences in performance among the
methods. Overall, our method outperforms the others in terms of dehazing effectiveness,
color fidelity, and frequency information restoration, resulting in images that are more

visually aligned with real-world scenes.
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Figure 5. Qualitative analysis of two lightly hazy samples from the Hazelk-thin collection.

Figure 6 evaluates multiple dehazing approaches using moderately hazy remote
sensing imagery, where atmospheric interference significantly degrades image features.
While DCP fails to adequately remove haze residues, AOD-Net partially restores visibility
but introduces undesirable darkening effects. In contrast, GridDehaze-Net, FFA-Net,
MixDehaze-Net, OK-Net, and MMPD-Net show substantially improved restoration quality.
However, noticeable differences from the ground truth still exist. For instance, in the second
image, the region highlighted by the red box in the result from GridDehaze-Net appears
blurred and faded, and the high-frequency details in the first image are not well restored.
In contrast, FFA-Net, MixDehaze-Net, OK-Net, and MMPD-Net deepen the high-frequency
features in the red-box region of the first image but show varying degrees of color distortion
in the red-box region of the second image. According to the performance metrics displayed
below each image, our method demonstrates the best dehazing performance. Overall,
our approach exhibits superior dehazing capability and more accurate color restoration in
high-frequency regions, which is largely attributed to the incorporation of our frequency

information enhancement module.

: Sm - = = = 3 S % =
PSNR / SSIM 22.4770.9228 14.06 / 0.6809 23.27 10.9299 25.77/0.9498 25.60/0.9271 28.02/0.9629 28.75/0.9627 28.89/0.9606 /1
Hazy Image DCP AOD-Net GridDehaze-Net FFA-Neat MixDehaze-Net OK-Net MMPD-Net Qurs GT

Figure 6. Qualitative analysis of two moderately hazy samples from the Hazelk-moderate collection.

Figure 7 compares restoration results across different approaches using severely de-
graded images from the dense-haze dataset. Due to the severe impact of dense haze, a
significant amount of frequency information and fine details is lost in this dataset. DCP
and AOD-Net fail to completely eliminate atmospheric interference, leaving substantial
haze contamination and introducing significant chromatic aberrations in the processed
images. GridDehaze-Net and OK-Net introduce noticeable color shifts in their outputs;
for example, compared to the reference image, the green lawns in the two restored images
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appear either overly darkened or overly lightened. Color fidelity analysis reveals that FFA-
Net, MMPD-Net, and MixDehaze-Net all introduce chromatic aberrations, rendering lawns
in un-naturally pale or oversaturated green tones. In contrast, our method demonstrates
consistently robust performance across all dehazing indicators in both images, producing
results that closely resemble the ground truth in terms of overall structure, frequency

details, and spatial information.
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Figure 7. Qualitative analysis of two densely hazy samples from the Hazelk-thick collection.

Figure 8 compares the performance of multiple dehazing algorithms on the LHID
dataset. DCP’s output displays excessive color saturation, resulting in critical detail loss,
whereas AOD-Net generates underexposed reconstructions that degrade visual clarity.
Although GridDehaze-Net, FFA-Net, MixDehaze-Net, OK-Net, and MMPD-Net achieve
perceptually reasonable results, their PSNR/SSIM scores indicate substantial deviations
from reference data. The proposed DWTMA-Net outperforms these approaches by effec-
tively restoring haze-obscured high-frequency components, delivering superior sharpness
and enhanced image quality.
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Figure 8. Qualitative analysis of three samples from the LHID collection.

Figure 9 benchmarks dehazing performance on the DHID dataset, featuring uniformly
dense haze in remote sensing imagery. DCP’s reconstructions exhibit severe luminance
suppression and detail loss, failing to recover critical high-frequency components. AOD-
Net produces even darker outputs, with a noticeable black mask overlaying the images.
Although GridDehaze-Net, MixDehaze-Net, OK-Net, FFA-Net, and MMPD-Net are capable
of effectively removing haze and largely restoring the overall scene, their outputs still
exhibit subtle black artifacts in fine-detail regions when compared to the reference images.
In contrast, our proposed DWTMA-Net demonstrates superior performance in both color
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accuracy and high-frequency detail restoration, particularly in areas such as roads and
rooftops, as further confirmed by the quantitative metrics shown below the images.
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Figure 9. Qualitative analysis of three samples from the DHID collection.

Figure 10 benchmarks dehazing performance across UAV imagery under varying atmo-
spheric conditions, from light to dense haze. In these examples, light haze slightly obscures
critical information in UAV images, affecting recognition and tracking accuracy. Moderate
haze interferes with the identification of certain regions of the UAV, while heavy haze
severely hampers information extraction, significantly impacting the UAV’s operational
capabilities. Therefore, effective haze removal from UAV images is of great importance.
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Figure 10. Qualitative analysis of four samples from the HazyDet collection.

As for the results, DCP performs poorly, introducing noticeable color distortion and
leaving substantial residual haze in the third and fourth images. AOD-Net shows limited
performance under light haze and fails to remove haze effectively in the third and fourth
images. GridDehaze-Net and OK-Net perform relatively well in the first and second images
but leave obvious haze residues in the third and fourth images, indicating incomplete
dehazing. Although FCTF-Net and FFA-Net manage to remove haze in the third image,
the resulting images become heavily blurred, making it difficult to recognize objects.
MixDehaze-Net successfully removes a large portion of the haze and preserves the original
features, yet a small amount of haze remains in the third image.

In contrast, our proposed method achieves the best dehazing performance across
all haze levels. It nearly restores all image details under light haze, effectively recovers
obscured information under moderate haze, and successfully reconstructs images under
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heavy haze conditions, producing visually impressive results. These outcomes highlight the
strong generalization ability and robustness of our method across various haze intensities.

To demonstrate the dehazing performance of our network in real-world scenarios,
we conducted tests on a real hazy remote sensing dataset provided in [46]. As shown in
Figure 11, our method effectively removes haze while preserving edge and texture details.
This test effectively evaluates the robustness and dehazing capability of our method in
practical environments.

Qurs

Figure 11. Visual comparison of four images within the real dataset.

4.5. Ablation Study

To validate the contributions of our proposed components, we performed a com-
prehensive ablation analysis using the light-haze dataset, evaluating the individual and
combined effects of three key modules: the wavelet downsampling module (WDM), Dis-
crete Wavelet Block (DWB), and multi-scale attention block (MAB). For computational
efficiency during training, we processed 80 x 80 pixel image patches sampled from the
original RGB inputs while maintaining hyperparameters and training protocols identical
to those of our complete model implementation.

Our baseline architecture builds upon the fundamental structure of Star [43], incor-
porating its core modules and basic attention mechanisms as the foundational learning
blocks. In our modified design, the original DM module is replaced with the proposed
WDM, and the DWB module is removed. Table 5 quantitatively evaluates the individual
contributions of all proposed components (WDM, DWB, and MAB), with each module
showing statistically significant performance improvements that confirm their design ef-
ficacy. Figure 12 visually compares the ablation results of different modules, providing a
clearer and more intuitive illustration of each module’s role and contribution in enhancing

the overall network performance.

Figure 12. Visual comparison of ablation experiments on the thin dataset. (a) Hazy image;
(b) Base(DM); (c) Base(DM) + DWB; (d) Base(DM) + MAB; (e) Base(DM) + DWB + MAB; (f) Base +
MAB + WDM,; (g) Base + DWB + MAB + WDM,; (h) ground truth.

When the model is in the base state with standard downsampling, the image quality
is the poorest, with the lowest PSNR and SSIM values. The red-box regions are heavily
obscured by haze, and the overall image appears noticeably pale. Introducing the DWB
module to the base network significantly improves image quality, increasing the PSNR
by 2.06 and SSIM by 0.0349. Similarly, integrating the MAB module brings substantial
enhancement, with a PSNR increase of 3.37 and an SSIM improvement of 0.0291, resulting
in clearer details in the red-box areas. Further combining DWB and MAB in the FFEB
module leads to additional gains in performance, with improved color restoration and
a notable enhancement in overall visual quality. Although minor blurring and slight
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whitening still remain, FFEB effectively recovers both frequency and spatial information.
The contribution of DWB is clearly demonstrated in quantitative form, as the PSNR and
SSIM values drop significantly when this module is removed. To objectively assess the
WDM'’s superiority, we replaced standard downsampling layers with our wavelet-based
module in identical network architectures. The results show a further PSNR gain of 0.82
and an SSIM increase of 0.0103, with significant visual enhancement in the red-box areas.
The resulting images are noticeably sharper, demonstrating the effectiveness of the WDM
in extracting frequency and spatial features and improving overall image quality.

Table 5. The ablation experiments performed on the thin-haze subset reveal comparative method
effectiveness, with optimal results highlighted in boldface.

Thin Haze
Method PSNR SSIM
Base(DM) 18.47 0.8547
Base(DM) + DWB 20.53 0.8896
Base(DM) + MAB 21.84 0.8838
Base(DM) + DWB + MAB 22.87 0.8940
Base + MAB + WDM 21.64 0.8860
Base + DWB + MAB + WDM 23.69 0.9043

The MAB module contains different attention mechanisms. To analyze their impact,
we conducted ablation experiments, as shown in Table 6.

Table 6. The ablation experiments conducted on the light-haze subset reveal the impacts of different
attention mechanisms in the MAB.

Thin Haze
Method PSNR SSIM
DWTMA-Net - CA 23.16 0.8966
DWTMA-Net - PA 20.04 0.8905
DWTMA-Net - FA 22.66 0.8910

5. Discussion

This paper proposes a network that combines frequency-domain and spatial-domain
processing to address the issues of blurring and information loss in remote sensing images.
Experimental validation on aerial imagery (UAV dataset) confirms the model’s strong
transferability, with quantitatively significant haze removal results.

Although the proposed model achieves significantly better dehazing performance
compared to existing lightweight methods, it also incurs a relatively higher computational
cost. It is particularly well-suited for applications that demand high image clarity and
detail preservation, such as remote sensing under adverse weather conditions or UAV-
based surveillance. However, to enable efficient deployment on resource-constrained edge
devices, further model optimization is necessary. Future work will focus on techniques
such as network pruning, quantization, and knowledge distillation to develop a more
lightweight and efficient variant. By seeking a balanced trade-off between performance
and complexity, this study lays a solid foundation for both practical deployment and future
scalability of the model.

6. Conclusions

DWTMA-Net consists of a series of frequency feature extraction modules designed to
simultaneously capture both frequency and spatial information. We designed an innovative
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downsampling method that combines Haar discrete wavelet transform to extract frequency-
domain features and convolution operations to capture spatial-domain features. The
extracted features are then processed separately in the frequency and spatial domains.
The discrete wavelet block handles the frequency-domain information, decomposing the
features into four sub-band frequency characteristics using wavelet transform. Different
recovery and refinement strategies are applied to each sub-band. Next, we apply a multi-
dimensional attention mechanism to enhance the spatial-domain features. This mechanism
extracts fine details through deep convolution layers and captures diverse features by
expanding the number of channels. These diverse features are further optimized using
channel attention, pixel attention, and Fourier frequency-domain attention, enhancing both
local and global information, which improves image quality and strengthens the network’s
robustness. Experimental results show that our method achieves excellent performance
on the SateHaze-1K, HRSD, and HazyDet datasets, effectively recovering image details
in complex environments. However, under heavy haze conditions, the network still faces
challenges in information recovery. To advance this research direction, two key objectives
will be pursued: (1) the development of an enhanced lightweight architecture specifically
optimized for remote sensing image dehazing under challenging conditions and (2) the
construction of a comprehensive benchmark dataset addressing top-down imaging artifacts
to facilitate community-wide progress.
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Abstract

With the widespread application of deep learning in Earth observation, remote sensing
image-based building change detection has achieved numerous groundbreaking advance-
ments. However, differences across time periods caused by temporal variations in land
cover, as well as the complex spatial structures in remote sensing scenes, significantly
constrain the performance of change detection. To address these challenges, a change
detection algorithm based on spatio-spectral information aggregation is proposed, which
consists of two key modules: the Cross-Scale Heterogeneous Convolution module (CSH-
Conv) and the Spatio-Spectral Information Fusion module (SSIF). CSHConv mitigates
information loss caused by scale heterogeneity, thereby enhancing the effective utiliza-
tion of multi-scale features. Meanwhile, SSIF models spatial and spectral information
jointly, capturing interactions across different spatial scales and spectral domains. This
investigation is illustrated with a case study conducted with the real-world dataset QL-CD
(Qinling change detection), acquired in the Qinling region of China. The work includes the
construction of QL-CD, which includes 12,724 pairs of images captured by the Gaofen-1
satellite. Experimental results demonstrate that the proposed approach outperforms a wide
range of state-of-the-art algorithms.

Keywords: building change detection; spatio-spectral information fusion; cross-scale
heterogeneous convolution; building change detection dataset

1. Introduction

Building change detection involves conducting analysis on remote sensing data ac-
quired at different time points over the same location, to determine whether new buildings
have been constructed or existing ones have been demolished. With continuous advance-
ments in Earth observation technologies, state-of-the-art remote sensing sensors can now
provide high-resolution imagery at meter- or even sub-meter-level precision. As a result,
utilizing remote sensing imagery for large-scale building change detection has become a
crucial Earth observation approach. Widely utilized in practice [1], it supports applications
such as urban planning [2,3], natural resource conservation [4], disaster evaluation [5], and
tracking land use and land cover changes [6].
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Traditional change detection methods can be broadly categorized into two types:
pixel-based methods and object-based methods. Pixel-based methods use individual pixels
as detection units, extracting change information by analyzing spectral differences on
a per-pixel basis. Common approaches in this category such as image differencing [7],
statistical regression modeling [8], change vector analysis (CVA) [9,10], and principal com-
ponent analysis (PCA) [11]. Object-based methods, on the other hand, analyze objects as
fundamental units, allowing them to capture both spectral information and spatial context.
Representative methods include those based on conditional random fields (CRFs) [12] and
Markov random fields (MRFs) [13,14]. While these traditional methods offer advantages
in detection efficiency and perform well in specific application scenarios, they involve
significant dependence on human-designed feature representations. This dependency
limits their effectiveness in complex environments.

The swift advancement of deep learning has attracted widespread interest, achieving
remarkable success in many high-level interpretation tasks [15-20]. Due to the translation
invariance of convolutional operations, convolutional neural networks (CNNs) exhibit
robust feature representation capacity when processing image data. Thus, numerous CNN-
based methods targeting change detection have been presented, including single-stream
and dual-stream structures. The former merge bi-temporal images before processing, treat-
ing them as a unified entity. Daudt et al. [21], for instance, introduced a method grounded
in a fully convolutional network architecture (FC-EF) [17], while Peng et al. [22] introduced
a UNet++-based [23] algorithm that employs dense skip connections to capture features
at multiple scales. However, these single-stream methods lack deep modeling of land
cover features, which can introduce prediction bias and limit change detection accuracy.
To address this issue, researchers have developed dual-stream structures, which extract
bi-temporal features separately before computing their differences. Chen et al. [24] em-
ployed a Siamese architecture for feature extraction and measured feature differences using
Euclidean distance. Liu et al. [25] introduced a Siamese network constrained by dual tasks,
while Li et al. [26] improved upon UNet++ and introduced the Siam-NestedUNet model.
Jiang et al. [27] developed PGA-SiamNet, a Siamese network utilizing pyramid feature-
based attention. These dual-stream architectures enable independent modeling of features
from images, while maintaining the same parameter efficiency as single-stream networks
through shared weights. This significantly enhances change detection performance.

Different from CNNSs that treat all regions of an image with equal importance, the
attention mechanism dynamically adjusts the weights of different regions [28,29]. Various
attention-based approaches have been developed. Zhang et al. [30] employed spatial atten-
tion mechanisms [31] and channel attention mechanisms [32] to integrate deep hierarchical
features and bi-temporal difference features. Song et al. [33] proposed an attention-guided
network, which enhances the distinction by leveraging both spatial and channel informa-
tion. Chen et al. [34] introduced DASNet, which captures long-range dependencies using
dual attention mechanisms. Fang et al. [35] designed an integrated attention module to
refine multi-level semantic feature information, extracting the most representative features.
In addition, many attention-based methods have also achieved certain performance [36-39].

Given the vast land cover information and the complex structural in remote sensing
images, single-level feature fusion often fails to effectively model the intricate relationships
among different land cover types. To overcome this, multi-level feature fusion strategies [40-42]
are developed. An alternative approach involves employing spatial or channel attention
mechanisms [34,36,38,43-45] to highlight key information. However, multi-scale feature
integration may cause loss of fine details, producing smoothed features. Although many
deep learning change detection methods apply spatial and channel attention—sometimes
combined—they often neglect the synergy between spatial and spectral features. Moreover,
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these methods usually introduce many parameters, increasing computational cost and
limiting practical use.

The scale, quality, and completeness of datasets influence deep learning detection
performance by enhancing model generalization and representation. Thus, large-scale,
high-quality datasets are vital for remote sensing progress. Public datasets like LEVIR-
CD [24], WHU-Building [46], S2Looking [47], and CDD [48] exist but mainly cover single-
scene scenarios with limited geographic and environmental diversity, restricting model
adaptability and representation of complex land cover.

To address the aforementioned challenges, SSA-Net is herein proposed on the basis of
spatio-spectral information aggregation, and a diverse large-scale dataset is established.
First, a Cross-Scale Heterogeneous Convolution module is developed to effectively utilize
multi-scale information and mitigate information loss caused by scale differences. Second,
a Spatio-Spectral Information Aggregation module is developed, which efficiently cap-
tures and integrates spatio-spectral information across different scales. Finally, a change
detection study is conducted in the Qinling region, constructing a large-scale dataset
that encompasses diverse scenarios, including mountain ranges, forests, rural areas, and
nature reserves.

The primary contributions are outlined below:

(1) A Cross-Scale Heterogeneous Convolution (CSHConv) module is introduced to pre-
cisely capture key change information across multiple scales.

(2) A Spatio-Spectral Information Aggregation (SSIF) module is designed to comprehen-
sively model the complex spatial-spectral relationships between land cover features.

(3) Anextensive experimental study is conducted in the real-world Qinling region, result-
ing in a new change detection dataset, consisting of 12,724 pairs of images captured
by the Gaofen-1 satellite. This dataset covers diverse landscapes, including moun-
tains, forests, rural areas, and nature reserves, providing a valuable resource for
future research.

The remainder of this paper is organized as follows: Section 2 provides a detailed
introduction to the dataset. Section 3 presents an in-depth explanation of the proposed SSA-
Net. Section 4 describes the experiments and analysis. Section 5 discusses the computational
complexity of different methods. Finally, Section 6 summarizes the study and discusses
future research directions.

2. Dataset

As deep learning is inherently data-driven, its performance largely depends on the
scale, quality, and completeness of the training dataset. Consequently, there is an in-
creasing demand for large-scale, high-quality change detection datasets. To address the
challenges posed by existing building change detection datasets, a well-annotated dataset
regarding the region over the Qinling Mountains, QL-CD, is constructed. This dataset
consists of 12,724 pairs of satellite images with a spatial resolution of 2 m and a patch
size of 256 x 256 pixels. Below is a detailed introduction to QL-CD, including the area
covered, annotation process, and preprocessing methods, followed by a comprehensive
statistical analysis.

2.1. Study Regions

The Qinling Mountains are located in central China, extending across southern Shaanxi
Province. They serve as a critical climatic transition zone between northern and southern
China and form the watershed between the Yangtze River and the Yellow River basins.
The QL-CD dataset covers the central segment of the Qinling Mountains within Shaanxi
Province, spanning a geographical range of 106°03’'-110°00'E, 32°4’-34°33'N, with a total
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area of approximately 58,000 km?. As illustrated in Figure 1, the dataset encompasses
39 districts and counties across Baoji, Xi’an, Hanzhong, Ankang, and Shangluo.
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Figure 1. Location of study area.

The topography of the central Qinling region is highly rugged. The northern slopes
are steep and characterized by deep valleys, while the southern slopes are more gradual,
exhibiting a distinct north-steep—south-gentle mountain morphology. The region has
an average elevation exceeding 1000 m, with certain peaks surpassing 3000 m. This
complex terrain structure introduces significant spatial heterogeneity in human settlement
distribution and building change dynamics. The selected study areas feature diverse
and unique landscapes with a wide range of land cover types, including mountains,
forests, rural settlements, and nature reserves. These geographical and environmental
characteristics present both challenges and opportunities for building change detection
systems to work in mountainous regions.

In this study, the dataset is derived from very-high-resolution (VHR) satellite imagery
captured by Gaofen-1 (GF-1). The bi-temporal images were acquired in 2018 and 2022,
covering the Qinling region and its surrounding areas. The imagery has a spatial resolution
of 2 m and consists of three visible spectral bands (red, green, and blue).

2.2. Data Annotation and Preprocessing

Annotation: Compared to single-temporal image annotation, labeling multi-temporal
remote sensing datasets is a significantly more complex task. Not only does it require
annotating a larger number of change targets, but it also involves extensive cross-temporal
region comparisons, increasing the overall workload. Moreover, the complex topography of
mountainous regions and variations in imaging conditions across different acquisition times
introduce additional challenges. In the Qinling region, the appearance and geographic
characteristics of buildings can undergo substantial changes due to seasonal and weather
variations, further complicating the annotation process.

To address these challenges, a refined annotation workflow is designed that ensures
both high accuracy and efficiency. The annotation process carried out consists of multiple
stages, each incorporating strict quality control measures to maintain the trustworthiness
of the resulting dataset.
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To manage the complexity of multi-temporal dataset annotation, a phased annotation
strategy was adopted. Particularly, a 15-member professional annotation team was assem-
bled, each with extensive experience in remote sensing image interpretation. The team
received specialized training focused on mountainous terrain characteristics and building
change patterns to enhance their expertise. Using professional GIS tools such as ArcGIS,
annotators carefully delineated building change areas, based on their training and domain
knowledge. In cases where images exhibited partial occlusion or distortion, the team
leveraged external references, such as Google Maps and other Geographic Information
Systems (GIS) resources, for cross-validation.

To further enhance annotation accuracy and consistency, a rigorous quality control
framework was implemented, consisting of three key verification steps: (1) Each annotation
result was reviewed by a second annotator, ensuring the detection of potential errors or
omissions and maintaining high inter-annotator consistency. (2) Upon completion of the
annotation process, domain experts conducted random spot checks to verify the correctness
and completeness of the labeled data. (3) By integrating cross-validation, expert auditing,
and iterative refinements, errors were significantly minimized, ensuring the high reliability
of the final dataset.

Through such a systematic and meticulous annotation process, a highly accurate
dataset tailored for building change detection is produced in mountainous environments.
It lays a strong groundwork for future remote sensing image interpretation and model
training over complex landscapes.

Preprocessing: To ensure consistency and usability of the dataset, a structured pre-
processing pipeline was applied, which includes vector-to-raster conversion, image tiling,
geographic metadata preservation, and secondary quality checks. Specifically, the precisely
annotated vector files were converted into binary raster masks, where changed areas were
assigned a value of 255, and unchanged areas were set to 0. The original high-resolution
remote sensing images were segmented into separate 256 x 256 GeoTIFF blocks, ensuring
compatibility with modern GPUs and deep learning frameworks. No overlap was intro-
duced between image patches, facilitating efficient processing while maintaining spatial
integrity. Geographic coordinates were preserved for each image patch, allowing them to
be reassembled into a full reference map when needed. Each image block was sequentially
numbered, providing a structured format for large-scale mapping and further applications.
To enhance dataset relevance and precision, irrelevant regions were manually filtered out,
ensuring that the final dataset focuses strictly on meaningful change areas.

Despite the rigorous quality control implemented during annotation, minor errors
might still be present. To address this issue, a secondary review was conducted through
cross-validation by multiple reviewers. This process effectively identified and removed
images with unclear or incorrect annotations, ensuring high accuracy and reliability in
the final dataset. By applying the aforementioned meticulous preprocessing steps, a well-
structured, high-quality dataset optimized for building change detection is created for
remote sensing applications.

Through this systematic processing workflow, the work implemented has not only
ensured the high quality of the dataset but also provided an efficient and standardized
input for subsequent building change detection models. The meticulous operations applied
during the image tiling and filtering stages significantly enhance their effectiveness. More-
over, the systematic approach adopted in building this dataset lays a strong groundwork for
remote sensing image analysis and change detection, promoting progress in both scholarly
research and practical applications.
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2.3. Dataset Analysis

Compared to existing building change detection datasets, QL-CD offers significant

advantages in terms of coverage area, scene diversity, background complexity, and illumi-

nation variations. The key advantages of QL-CD are further emphasized as follows:

)

)

Imagel

Image2

Extensive Geographic Coverage: The QL-CD dataset encompasses 12,724 image pairs
collected over a vast 58,000 km? area. Compared to existing datasets, QL-CD covers
a significantly larger geographic region, making it one of the most comprehensive
datasets in this domain. Specifically, the dataset represents a ground area of over
3300 km?, with change regions covering approximately 367 km?. Each image pair
captures rich land cover variations, posing a more challenging benchmark for eval-
uating model performance in detecting change regions. This extensive coverage
enhances the dataset’s utility for performing real-world change detection tasks across
diverse environments.

Diverse Scene Coverage: As shown in Figure 2, the QL-CD dataset includes rich scene
types, such as urban regions, suburban regions, rural settlements, hills, and rivers.
This scene diversity poses a greater challenge for change detection algorithms, as it re-
quires strong adaptability to model variations in complex environments. Additionally,
it can be expected to help enhance the generalization capability of models trained on
this dataset. This is because compared to existing datasets like LEVIR-CD and CDD,
QL-CD not only provides a more comprehensive diversity of scenes but also serves as
a multi-layered data resource for in-depth research and analysis. Such an extended
scene coverage ensures that models developed using QL-CD are adaptable to more
real-world scenarios.

Urban areas Suburban regions Rural settlements hills rivers

Figure 2. Diverse scene coverage of QL-CD.

®)

High Background Complexity: Most existing change detection datasets primarily
focus on specific urban areas, where buildings are typically present against simplistic
backgrounds such as streets and roads. In contrast, the QL-CD dataset not only retains
these urban elements but also significantly expands the variety of background types,
including lakes, grasslands, farmland, low vegetation, and bare land. This diverse
background complexity, as illustrated in Figure 3, introduces additional challenges
for change detection algorithms, requiring them to distinguish between building-
related changes and natural environmental variations. The inclusion of such varied
backgrounds enhances the dataset’s practical value, making it a more realistic and
robust benchmark for real-world applications.
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Lakes Grasslands Farmland Low vegetation Bare land

Figure 3. High background complexity of QL-CD.

4)

Imagel
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Illumination Heterogeneity: As shown in Figure 4, the QL-CD dataset exhibits signifi-
cant illumination heterogeneity, with noticeable variations in brightness, saturation,
contrast, and overall image style between the two temporal images. Unlike con-
ventional datasets captured under uniform lighting conditions, QL-CD introduces a
greater degree of illumination variability, making it more representative of real-world
remote sensing scenarios. This heterogeneity enables models to better capture dy-
namic surface changes, including seasonal transitions, meteorological variations, and
natural events that impact land cover. Additionally, illumination-induced pseudo-
changes present an extra challenge for algorithms, requiring them to distinguish
actual building changes from lighting variations. As a result, models trained on
QL-CD can be expected to achieve greater robustness with improved generalization.

X

Brightness variation Saturation variation Contrast variation Style variation

Figure 4. Illumination heterogeneity of QL-CD.
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3. Methodology

To enhance the performance, a Spatio-Spectral Information Aggregation Change
Detection Network (SSA-Net) is proposed, as illustrated in Figure 5. Unlike traditional
networks, SSA-Net incorporates two novel modules:

1. Cross-Scale Heterogeneous Convolution (CSHConv) module
2. Spatio-Spectral Information Fusion (SSIF) module

Decoder i

- Upsample

@ Difference operation

Maxpool _—> Skip connection

I
|
\ ’ Feature extractor /:’
\ /
\ /
. 8 1X1 Conv # N

Figure 5. The architecture schematic of SSA-Net.

The CSHConv module mitigates information degradation caused by scale hetero-
geneity in standard convolutional kernels when processing land cover changes in remote
sensing images. Meanwhile, recognizing the interdependencies between spatial and spec-
tral channel information, the SSIF module is employed to facilitate feature fusion, effectively
capturing cross-scale and cross-channel interactions. This enhanced information aggrega-
tion significantly improves model accuracy in detecting building changes.

3.1. Qverview

A U-shaped network with a non-shared pseudo-Siamese structure [49] is adopted as
the backbone of SSA-Net. The introduction of a non-weight-sharing encoder enhances flex-
ibility in learning feature representations, while skip connections facilitate the interaction
of temporal difference information between bi-temporal images. Bi-temporal images are
first fed into the encoder, where four successive downsampling steps are performed to
progressively extract multi-level features.

Instead of traditional convolutions, the Cross-Scale Heterogeneous Convolution (CSH-
Conv) module is employed, which integrates different receptive fields to effectively capture
multi-scale change information. Meanwhile, the Spatio-Spectral Information Fusion (SSIF)
module is utilized to aggregate spatial and spectral information, ensuring a comprehensive
representation of image features and an efficient encoding of semantic information. Using
different convolutional operations at each stage, SSA-Net gradually extracts rich semantic,
spatial, and spectral channel information, facilitating improved recognition and representa-
tion of change objects by the network in bi-temporal images. The decoder is designed to be
approximately symmetric to the encoder, supporting effective upsampling of feature maps.
This balanced structure helps keep the high-level multi-scale features acquired during
encoding, preserving fine object details and structural integrity. The decoder applies four
successive transposed convolutions to restore spatial resolution, followed by a final refine-

169



Remote Sens. 2025, 17, 2249

ment step using a 1 x 1 convolution combined with an activation function to fine-tune
the feature representations and generate the final change map. This architecture allows
SSA-Net to effectively capture, analyze, and reconstruct change information, entailing high
accuracy in building change detection.

3.2. Cross-Scale Heterogeneous Convolution Module

Traditional convolutional neural networks (CNNs) utilize single-scale convolutional
kernels, meaning that kernels of the same size compute feature information within the
same spatial region. Due to this design limitation, the extracted features may lack com-
prehensiveness and completeness. As a result, CNNs may struggle to effectively model
complex multi-scale variations present in remote sensing images. To overcome this limita-
tion, we propose the Cross-Scale Heterogeneous Convolution (CSHConv) module, which
addresses the information loss caused by scale heterogeneity in traditional convolutional
kernels when processing land surface changes in remote sensing imagery. By incorporating
multiple receptive fields, CSHConv enables more effective capture of multi-scale changes,
which improves both accuracy and robustness in detection models.

Figure 6 illustrates the basic architecture of CSHConv. In CSHConv, the input feature
f is first processed using a 1 x 1 convolution, which reduces the channel dimension by half,
thereby obtaining the initial feature representation. This operation can be mathematically
expressed as follows:

O1 = 0 (Convy«1(f)) 1)

where o (+) represents the ReLU activation function, Convy .1 denotes the 1 x 1 convolution
operation, and O is the feature map obtained after convolution. Subsequently, O; passes
through heterogeneous convolution to obtain multi-scale feature information. The design
of heterogeneous convolution involves the operation with different kernel sizes, where
a portion of the kernels are 3 x 3, and the rest are 1 x 1. This design allows the network
to extract local fine-grained details (with 3 x 3 kernels) while preserving global semantic
information (with 1 x 1 kernels), effectively addressing the scale heterogeneity issue in
remote sensing images.
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Figure 6. Cross-Scale Heterogeneous Convolution module.

Formally, the heterogeneous convolution operation can be mathematically expressed
as follows:

Oz = COTlU3><3(Ol) + CO]’lZJlxl(O1) (2)
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Also, the 3 x 3 convolution operation in the CSHConv module can be expressed by

I/G-1K-1K-1
Convsys(x,y,0) = Y Y Y X(x+jy+ki+oxI/G)xkernel(j,kio) (3)
i=0  j=0 k=0

where X represents the input tensor, which corresponds to O3; (x,y) denotes the spatial
coordinates of the feature; K is the kernel size, defining the spatial extent of the convolution;
I is the number of input channels in the feature map; G indicates how many groups are in
the grouped convolution; I /G represents the input channel number per group in grouped
convolution; kernel(j, k,i,0) represents the convolution kernel’s weight parameters, with j,
k indicating the spatial offsets of the kernel, representing its position in the convolution win-
dow (i.e., row and column offsets), i is the index of the channel group, with (i 40 x I/G)
being the input channel index, denoting which input channel the kernel operates on, and
o being the output channel index, specifying the feature map’s corresponding output
channel.

Each convolution kernel consists of a set of trainable weights that perform a weighted
summation over different input channels and spatial positions. This operation generates an
element of the output tensor, by computing a local weighted sum across the corresponding
receptive field. The obtained feature information is then concatenated with the original
feature map to produce the final prediction. This process can be formally summarized
as follows:

Oguns = concat(c(Oy),0q) 4)

The CSHConv module serves as a compact feature extraction unit, replacing the
standard convolution operations in the encoder—decoder structure. It aims to obtain multi-
scale representations of change objects, helping deep learning models effectively detect
variations at multiple scales. The design of CSHConv leverages heterogeneous convolution,
which incorporates various kernel sizes (e.g., some kernels are 3 x 3 while others are 1 x 1).
The core idea behind this heterogeneous convolution is to leverage multiple receptive fields,
enabling the network to extract multi-scale contextual information and enhance feature
learning for change detection. By integrating varied convolutional kernels, CSHConv
preserves fine information details while capturing broader spatial structures, making it
particularly suitable for detecting complex and multi-scale changes.

3.3. Spatial and Spectral Information Fusion Module

As previously noted, straightforward fusion of auxiliary and original feature maps
might cause information loss in complex scenes. To resolve this, the Spatio-Spectral Informa-
tion Fusion (SSIF) module is proposed, which refines the feature fusion process by explicitly
modeling interactions across different spatial scales and spectral channels. This design
ensures that the network effectively captures and integrates complementary information.

Typically, attention mechanisms include three main components: Query (Q), Key
(K), and Value (V). These elements work together to establish strong correlations between
intent (query) and target (key). In this context, the query represents the system’s intent,
while the key represents the regions of interest in the image. The attention mechanism
enhances feature representation by calculating the interaction between query and key, then
applying this to the corresponding value, allowing the system to concentrate on important
image regions.

To compute the correlation between query and key, following the Nadaraya—Watson
kernel regression [50], a novel spatio-spectral information aggregation strategy is proposed.
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Specifically, it utilizes Gaussian kernel-based spatio-spectral information aggregation,
implementing the strategy below:

o 2

1

n=2 2
Y = sigmoid() (Q1272K) + 1) xV 5)
i=1

where the Gaussian kernel function is used to measure the similarity between the query Q;
and the key K, with ¢; controlling the sensitivity of similarity computation. By performing
a weighted summation across all similarity scores, the final similarity measure is obtained.
This formulation is commonly applied, particularly in Nadaraya—Watson kernel regression,
which is often used for non-parametric estimation of relationships between variables. In
machine learning and statistics, employing such kernel functions helps capture complex
dependencies between input variables, thereby increasing the model’s effectiveness in
learning complex patterns [51].

Figure 7 illustrates the detailed process of the Spatio-Spectral Information Fusion (SSIF)
module. In this framework, both K(Key) and V(Value) originate from the input feature map
X € REXHXW ‘wwhere C, H, and W represent the channel dimension, height, and width
of the feature map, respectively. Channel-wise Query Q; is extracted from the channel
information, represented as the mean of X along the channel axis, denoted as X € R“*1*1,
Spatial-wise Query Q) is extracted from the spatial dimension, represented as the mean of
X along the spatial axis, denoted as X € RM*H*W_Additionally, the variances ¢? and 02
are computed for the channel and spatial information, respectively. These variance values
play a crucial role in controlling the richness of feature representations: a greater variance
o? indicates greater variance, meaning that the feature map contains richer contextual
information. This formulation allows the model to capture attention relationships across
different dimensions, leveraging both spatial and channel statistics.
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Figure 7. Spatial and Spectral Information Fusion module.

To ensure that attention weights positively contribute to feature learning, the following
regularization steps are applied: (1) A bias term 1 is added to the raw attention scores to
stabilize the attention values. (2) To normalize attention scores, a Sigmoid activation is
used, allowing weights to reflect the relevance of diverse regions in the feature map. The
computed attention weights are then multiplied with the input feature map X to generate
the final output feature map Y.

Figure 8 illustrates the structural diagram of integrating SSIF into CSHConv, demon-
strating their synergistic effect. CSHConv effectively captures multi-scale features, refining
the representation of changed objects with greater precision. Simultaneously, SSIF ef-
ficiently aggregates spectral information across different channels, leveraging spectral
dependencies to provide a more accurate depiction of surface changes. Combining SSIF
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with CSHConv strengthens the model’s capacity to represent and capture input data, which
is especially beneficial for complex scenes and multi-scale information.
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Figure 8. Architecture schematic of integrating SSIF into CSHConv.

3.4. Loss Function of SSA-Net

Change detection is commonly formulated as a pixel-wise binary classification prob-
lem, where the Binary Cross-Entropy (BCE) loss function is used to measure the discrepancy
between the model’s predictions and ground truth labels. However, due to the class imbal-
ance issue (where the proportion of changed regions is significantly smaller than that of
unchanged regions), BCE loss alone may lead to biased learning, favoring the majority class
(unchanged pixels). To address this, a mixed loss function is used, inspired by A2Net [52],
which combines BCE [53] and Dice Loss [54]. This hybrid approach balances the impact of
both loss components, ensuring that the model learns effectively from both changed and
unchanged regions.

For each sample, the BCE Loss and the Dice Loss are, respectively, computed

as follows:

1

Ly, 9) = =55 2 lvileg(9i) + (1 = yi)-log(1 — ;)] (6)

I=

25N yidi
YN y2+ N i +e

where N is the total number of pixels in the image, y; is the ground truth label for the i-th

Laice(y,9) =1 = @)

pixel, y; is the predicted probability of change for the i-th pixel output by the network, and
€ is a small constant to prevent division by zero.

The overall loss for SSA-Net is computed by summing BCE and Dice losses, defined
as follows:

Lipss (}// ]?) = L(]// ]2) + Laice 8)

4. Experimental Studies
4.1. Implementation Setup

SSA-Net is fully implemented using PyTorch 2.1.0 and all experiments are conducted
on two American Nvidia RTX 4090 GPUs (Santa Clara, CA, USA). The Adam optimizer is
used for training, with momentum set to 0.9 and weight decay set to 0.0005 as typically per-
formed in the relevant literature. A polynomial decay learning rate scheduler (Ir_scheduler)
is applied, with a decay cycle of 50 epochs. The initial learning rate is set to 1 x 10~%. The
max epoch number is set to 200. The batch size is set to 8 for all methods.
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4.2. Evaluation Metrics

To quantitatively assess different models, researchers typically rely on a set of com-
monly used evaluation metrics. These metrics not only help in understanding the accuracy
of an algorithm but also serve as objective standards for comparing different methods
across various datasets.

As stated before, change detection is considered as a binary classification task. For
evaluation, performance metrics are derived from the confusion matrix. Table 1 shows
the standard binary classification confusion matrix, dividing all pixels into four categories
based on the comparison between model predictions and ground truth labels: True Positive
(TP), False Positive (FP), True Negative (TN), and False Negative (FN).

Table 1. Confusion matrix.

Prediction\ Ground Truth Positive Negative
Positive P FpP
Negative FN TN

Based on confusion matrices, four commonly used evaluation metrics are herein
adopted to assess the accuracy of the change detection results: Precision, Recall, F1-score,
and Intersection over Union (IoU). Their mathematical formulations are as follows:

Precision = TPTifFP )
Recall = TPS—%N (10)

<n>
IoU = % (12)

4.3. Methods Compared

To comprehensively evaluate SSA-Net, 12 change detection methods are com-
pared, including three widely applied classic algorithms: FC-EF [21], FC-Siam-Conc [21],
and FC-Siam-Diff [21]; six high-performing recent algorithms evaluated on public
datasets: STANet and its two derivatives (STANet_BAM and STANet_PAM) [24],
SNUNet [35], A2Net [52], and HANet [55]; and three Transformer-based methods: BIT [56],
Changer [57], and ChangeFormer [58]. These methods are briefly introduced below for
academic completeness.

FC-EF merges bi-temporal images early and utilizes a Fully Convolutional Network
for detecting changes; FC-Siam-Conc integrates features from both times through skip
connections in a Siamese FCN for long-range mapping; FC-Siam-Diff detects changes by
computing differences between features in a Siamese network setup. STANet series [24]
introduces a spatiotemporal attention module into a Siamese network and employs a
pyramid attention mechanism to leverage spatiotemporal dependencies, generating more
expressive region change features. SNUNet [35] designs a densely connected U-shaped
Siamese network, incorporating a channel attention module to optimize different semantic
features. A2Net [52] utilizes a lightweight backbone and enhances change information
through attention mechanisms. HANet [55] adopts a progressive sampling approach bal-
anced toward the foreground, which improves the model’s early-stage change identification
and detection accuracy. BIT [56] presents a Transformer encoder that captures spatiotempo-
ral relationships using context-aware token representations to extract high-level semantic
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features. Changer [57] presents a general change detection framework, improving detec-
tion performance through feature interaction and fusion strategies. ChangeFormer [58]
integrates a hierarchical Transformer in Siamese architecture, enabling stronger multi-scale
information modeling capability.

4.4. Experimental Results on QL-CD

Table 2 presents the quantitative results of running different methods across five eval-
uation metrics: Precision, Recall, F1, IoU, and Kappa, with the highest scores highlighted in
bold. The experimental results demonstrate that FC-EF, FC-Siam-Conc, and FC-Siam-Diff
exhibit relatively poor performance. In contrast, algorithms such as STANet, Changer, and
ChangeFormer achieve better performance by employing distinct feature fusion approaches
and attention mechanisms. Compared with the 12 existing change detection methods, the
proposed SSA-Net attains the best performance on the two comprehensive metrics of F1
and IoU, achieving scores of 84.15% and 74.64%, respectively, surpassing the second-best
algorithm (STANet_PAM) by 2.65% and 3.44%. Furthermore, SSA-Net also achieves the
highest Kappa coefficient of 82.43%, significantly outperforming STANet_PAM’s 79.54% by
2.89%. This superior Kappa score reinforces the model’s overall effectiveness in achiev-
ing high agreement beyond chance, aligning with its leading performance in F1 and IoU.
Notably, from an application perspective, the F1 metric holds greater significance as it re-
quires a balanced performance between Recall and Precision to ensure robust and effective
detection results.

Table 2. Performance of different methods on QL-CD.

Method Precision (%)  Recall (%) F1 (%) IoU (%) Kappa (%)
FC-EF 47.64 46.36 46.99 30.71 40.99
FC-Siam-Conc 68.43 37.03 48.06 31.63 44.00
FC-Siam-Diff 82.49 26.08 39.63 24.72 36.49
STANet 65.14 76.97 70.56 54.51 66.86
STANet_BAM 75.58 85.21 79.22 68.28 77.67
STANet_PAM 79.25 84.34 81.50 71.20 79.54
SNUNet 87.23 74.64 79.27 69.04 78.39
HANet 77.09 55.06 64.23 47.31 60.88
A2Net 88.96 72.81 80.08 66.78 78.04
BIT 70.93 69.25 70.04 59.23 66.69
Changer 71.92 70.35 71.09 60.22 67.85
ChangeFormer 79.39 69.21 72.86 62.34 71.19
SSA-Net 88.70 80.04 84.15 72.64 82.43

Figure 9 qualitatively illustrates the prediction results of the proposed method and
other approaches on the QL-CD test set images. Here, T1 and T2 represent a pair of
multi-temporal images to be analyzed. “GT” denotes the ground truth. As shown in
the figure, for scenarios where the multi-temporal images exhibit consistent styles and
simple backgrounds, all methods can roughly localize changed buildings. However, the
proposed method demonstrates highly consistent edge details between predictions and
ground truth labels. In complex scenes with cluttered backgrounds, other algorithms show
limitations in handling the continuity of change regions and edge details, accompanied by
missed or false detections. In contrast, SSA-Net effectively addresses such incoherent cases,
accurately localizes changed objects, and robustly suppresses background interference
across bi-temporal images. For scenarios with inconsistent imaging styles between multi-
temporal phases, SSA-Net significantly outperforms all comparison methods, achieving the
best performance by precisely localizing change regions, which benefits from its domain
consistency constraints.
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Figure 9. Change detection results on QL-CD.

4.5. Ablation Investigation

To further investigate the value of the proposed CSHConv and SSIF modules in SSA-
Net, ablation studies are carried out on the QL-CD dataset. The experimental protocol
involves incrementally integrating each module into the backbone and evaluating the
resulting accuracy improvements. Table 3 shows the outcomes.

Table 3. Ablation experiment of SSA-Net on QL-CD.

Methods Precision (%) Recall (%) F1 (%) IoU (%) Kappa (%)
Backbone 86.11 75.32 80.35 70.62 78.26
Backbone + CSHConv 86.93 76.07 81.13 71.50 79.13
Backbone + SSIF 83.85 79.14 81.14 68.87 79.36
SSA-Net 88.70 80.04 84.15 72.64 82.43

The first step is to verify whether the design of CSHConv enhances building change
detection performance. This module addresses the issue of information loss caused by
scale heterogeneity when using traditional designs. By replacing standard convolutions
with heterogeneous convolutions, CSHConv captures multi-scale feature representations
of change objects, enabling the deep learning model to more effectively learn multi-scale
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change information. Experimental results demonstrate that utilizing CSHConv leads to a
modest overall improvement in network performance.

The second step is to show that the SSIF module aggregates spectral information
from different bands without introducing any additional parameters. Experimental results
indicate that SSIF significantly boosts the model’s change detection capability, with the
Recall metric increasing by nearly 4%.

Moreover, to intuitively demonstrate the roles of CSHConv and SSIF within the
network, we visualized the intermediate feature activation maps from the encoder, as
shown in Figure 10. As observed, when only the baseline is used, the model mistakenly
focuses on many unchanged regions. With the introduction of CSHConv, the attention
becomes more aligned with the actual change areas, though some discontinuities along
class boundaries and missed detections remain. Finally, SSA-Net, incorporating both
CSHConv and SSIF, effectively focuses on the truly changed regions in the images.

Baseline

Baseline +CSHConv SSA-Net

Figure 10. Feature activation maps of different models.

These ablation results demonstrate that the proposed CSHConv and SSIF modules
improve various network metrics, leading to superior detection performance. The inte-
gration of both modules enhances the network’s IoU and Fl-scores. This indicates that,
for the change detection task, these two innovative modules enable the network to more
effectively extract change features from bi-temporal images, focusing on regions with
potential changes and fusing multi-scale features efficiently.

5. Discussion

Parameter and computation efficiency are critical for real-world deployment. As
shown in Table 4, SSA-Net achieves exceptional efficiency with only 3.54M parameters and
6.65G FLOPs—close to lightweight FC variants (1.29-1.93M Params) but surpassing them
by >44% in F1. This demonstrates that our architecture eliminates redundant parameters
without sacrificing accuracy.

Notably, SSA-Net outperforms all high-accuracy competitors in efficiency, it reduces
parameters by 79% versus similarly accurate STANet_PAM while maintaining equivalent
computation (6.65G vs. 6.58G). Compared to BIT, SSA-Net uses nearly identical parameters
but cuts computation by 37% and improves F1 by13.41%. In terms of inference time,
SSA-Net also achieves competitive performance. This optimal balance establishes SSA-
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Net as a practical solution for resource-constrained scenarios requiring high-precision
change detection.

Table 4. Complexity comparison of different methods.

Method Params (M) Flops (G) Times (S)
FC-EF 1.93 4.55 60
FC-Siam-Conc 1.75 3.99 57
FC-Siam-Diff 1.29 292 52
STANet 12.28 25.69 165
STANet_BAM 16.93 144 154
STANet_PAM 16.93 6.58 159
SNUNet 28.34 97.87 191
HANet 3.03 14.07 102
A2Net 3.78 6.02 120
BIT 3.55 10.6 244
Changer 11.39 11.89 184
ChangeFormer 20.75 11.35 80
SSA-Net 3.54 6.65 84

6. Conclusions

This paper has presented a novel system, SSA-Net, for remote sensing change detec-
tion. It leverages the CSHConv module to integrate multi-scale receptive field information
through heterogeneous convolutions, thereby precisely capturing critical features of change
objects across varying scales. Furthermore, the SSIF module is employed to deeply ex-
plore complex interdependencies between spatial and channel-wise spectral features in
the input data. The system enables efficient global context modeling without introducing
additional parameters, refining features to suppress interference from irrelevant regions
and extract more accurate change information. Additionally, a case study has been carried
out with data regarding China’s Qinling Mountains region, including the creation of a
comprehensive QL-CD change detection dataset. Experimental results demonstrate that
SSA-Net achieves competitive performance in change detection. For future work, it would
be interesting to prioritize lightweight network design and incorporate weakly supervised
learning, thereby reducing the approach’s reliance on extensive labeled samples, alleviating
annotation complexity. It is also worth exploring multi-modal data fusion to enhance
building change detection by leveraging diverse data sources.
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Abstract

Advancements in satellite sensor technology have enabled access to diverse remote sensing
(RS) data from multiple platforms. Hyperspectral Image (HSI) data offers rich spectral
detail for material identification, while LiDAR captures high-resolution 3D structural infor-
mation, making the two modalities naturally complementary. By fusing HSI and LiDAR,
we can mitigate the limitations of each and improve tasks like land cover classification,
vegetation analysis, and terrain mapping through more robust spectral-spatial feature
representation. However, traditional multi-scale feature fusion models often struggle with
aligning features effectively, which can lead to redundant outputs and diminished spatial
clarity. To address these issues, we propose the Cross Attention Bridge for HSI and LiDAR
(CAB-HL), a novel dual-path framework that employs a multi-stage cross-attention mecha-
nism to guide the interaction between spectral and spatial features. In CAB-HL, features
from each modality are refined across three progressive stages using cross-attention mod-
ules, which enhance contextual alignment while preserving the distinctive characteristics
of each modality. These fused representations are subsequently integrated and passed
through a lightweight classification head. Extensive experiments on three benchmark RS
datasets demonstrate that CAB-HL consistently outperforms existing state-of-the-art mod-
els, confirm that CAB-HL consistently outperforms in learning deep joint representations
for multimodal classification tasks.

Keywords: hyperspectral image; cross attention; LiDAR data; dual-modality fusion; remote
sensing fusion; spatial spectral representation; deep learning

1. Introduction

In recent years, the integration of hyperspectral and LiDAR data has become critical
for improving land cover classification tasks. Recent innovations, such as joint convolu-
tional networks, have further refined this process, offering significant improvements in
classification accuracy and robustness. This multimodal fusion has proven superior perfor-
mance in applications such as land cover classification and vegetation analysis, particularly
by enhancing the ability to distinguish between spectrally similar land cover classes [1].
Meanwhile, with the development of sensor technology, remote sensing imaging methods
exhibit a diversified trend [2]. Despite the availability of extensive multi-source data,
remote sensing data from each source captures just one or a restricting their ability to fully
characterize complex terrestrial scenes, which fail to comprehensively depict the observed
scenes [3].

Remote Sens. 2025, 17, 2836 https://doi.org/10.3390/rs17162836
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For different modalities, by combining HSI and LiDAR data, we can obtain enhanced
features that are crucial for remote sensing activities. Sophisticated methods related to the
deep learning architecture for multimodal fusion have successfully fused spectral and spa-
tial features, increasing the model’s stability against environmental changes and providing
accurate and valuable information. Currently, the use of HSI and LiDAR is steadily evolv-
ing as a foundation for handling multidimensional issues in Earth observation, opening a
new chapter towards progressive change in ground-breaking remote sensing solutions.

The processing of hyperspectral image (HSI) and LiDAR data for classification has
become enhanced through the use of different deep learning models to take advantage
of the characteristics of the format. Among them, there is the so-called “Dual-Coupled
CNN-GCN Structure (DCCG)”, where spatial features are detected using CNN. This two-
way coupling structure absorbs both spatial and structural information and can accurately
classify complex scenes with high precision [4]. Another well-known model is called
HSLiNets, which has bidirectional reversed CNN pathways in a dual linear fused space
framework to overcome the problems of high dimensionality and redundancy in HSI data
and promotes the improvement of classification accuracy [5]. The HSI feature extraction
module primarily encompasses a convolutional method, recurrent method, transformer
method, and attention method. Numerous CNN methodologies employ 2D convolution to
acquire local contextual information from pixel-centric data cubes [6,7]. However, these
methods devote insufficient attention to the spectral signatures and fail to consider the joint
spatial-spectral information in HSI. Some scholars employ 2D-3D convolutions to enhance
feature extraction modules, resulting in integrated spatial-spectral feature embeddings
that yield promising outcomes in practical applications [8,9]. Also, the Cross-Transformer
Feature Fusion Network has two branches that combine convolutional operators for spatial-
feature extraction and Transformer for capturing feature dependencies. Cross attention
used here extends feature interaction between HSI and LiDAR data, therefore promoting
better classification results [10]. Finally, EndNet breaks down the spectral and elevation
information from both HSI and LiDAR data through an encoder-decoder architecture
that enables the framework to effectively fusion them and accomplish better classifica-
tion [11]. Taken together, such models present a marked advancement in remote sensing
classification methodologies. Advancements in deep learning (DL) offer novel avenues for
surmounting the constraints in feature extraction efficacy of conventional methods. CNN
have attained considerable success in the classification of hyperspectral imagery (HSI) and
LiDAR inside standard deep learning architectures [12]. Developed a pair of interconnected
CNN [13]. The proposed model, TBMSSN (Two-Branch Multiscale Spectral-Spatial Feature
Extraction Network), demonstrates significant improvements in OA, AA, and Kappa coef-
ficients compared to existing methods, indicating its effectiveness in hyperspectral image
classification [14].

Although there have been several innovative methods for HSIs images and LiDAR
fusion and classification, there are still limitations in achieving sufficient feature extraction.
These limitations can be summarized in two parts.

Firstly, CNNs excel at extracting spatial structure and contextual information from
high-resolution images, making them a popular backbone design. CNNs typically use
single-scale patches as inputs and fixed convolutional kernels for feature extraction. Land
cover types require varied input scales based on their surrounding distributions. Using
a set scale as the input hinders the ability to satisfy the practical needs of various land
cover types and accomplish fine-grained classification. Secondly, a multiscale input can
extract land cover information at distinct scales, resulting in complimentary joint features
that improve the classification accuracy. However, integrating multiscale data creates two
obstacles. To improve the classification performance, it is important to calibrate the weights
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of different scales, as their contributions vary. Concatenating multiscale features may
worsen the dimensionality problem, resulting in a poor classification performance. The
main contributions are summarized as follows:

1.  Based on cross-attention, we proposed the cross-attention bridge (CAB), leveraging
the flexible advantage of CA to combine the HSI and LiDAR images, which have
different architectures, such as features that dynamically adopted the feature fusion.

2. As we can combine data with different architectures, we use the complementary
advantages of my proposed modal multistage fusion, a module that generates fea-
tures combined from different semantic levels. The cross-attention module has been
designed to combine and fuse features from different modalities.

3.  Three publicly accessible datasets are utilized to assess the suggested methodol-
ogy, and many state-of-the-art (SOTA) HSI and LiDAR classification methods are
contrasted against it. The experimental results demonstrate that CAB-HL has an out-
standing performance, achieving an accuracy of 99.33% on the Houston2013 dataset,
surpassing other sophisticated algorithms by at least 2.5%.

The rest of the paper is organized as follows: Section 2 introduces the related works,
such as multistage feature extraction, attention mechanism, and hyperspectral and LiDAR
fusion classification. Section 3 presents the details of the proposed network. Section 4
provides the experimental results. Section 5 details an ablation study. Section 6 concludes
this article and provides future work.

2. Related Work
2.1. Multistage Feature Extraction

This approach allows for a more accurate representation of land cover types, making
it a suitable choice for our framework, which integrates both HSI and LiDAR data. Re-
searchers have extensively examined feature extraction and representation, particularly in
deep learning, as the fundamental stage of the majority of computer vision and multimedia
processing applications. Effective parameter training in subsequent networks depends
especially on the capacity to extract high-quality features [15]. Employing several scales
for feature extraction enables the observation of distinct information and the completion
of diverse tasks. Smaller-scale features yield more localized information, whereas higher
scales capture broader spatial context. Multiscale features can be used to describe visual
features, extracting more detailed information and producing better outcomes [16]. Mul-
tiscale feature extraction has proven to be highly effective in capturing both fine-grained
and broader contextual features from remote sensing data [17].

In remote sensing image processing, prevalent issues include spectral similarity, inter-
leaved edges in complicated scenes, and many singular points within mixed vegetation
across land cover categories. Hence, the efficient extraction of significant land cover infor-
mation attributes is crucial in determining the interpretational results accuracy. Numerous
studies on RS image processing and analysis employing multiscale features are now un-
derway: ref. [17] proposed a novel multiscale spectral-spatial cross-extraction network
(MSCEN) for HS image classification; ref. [18] studied hyperspectral image denoising
via multiscale adaptive fusion networks (MAFNets); ref. [19] proposed MashFormer, an
innovative multiscale sensing-integrated hybrid detector with CNN and Transformer to
enhance the characterization capability in complex background scenes. It can improve
the detection performance of targets with multiscale features, so as to complete the tar-
get detection task with greater accuracy. Research on collaborative classification based
on multiscale has garnered a lot of attention in recent years: ref. [20] proposed a novel
multiscale deep neural network that employs a hierarchical residual architecture integrated
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with self-calibrated convolution to extract features from diverse receiving domains, thereby
augmenting the model’s capacity to represent multimodal data; ref. [21] proposed a novel
Glt-Net that extracts multiscale local spatial features and performs an adaptive linear
weighted fusion of multimodal features. Additionally, multiscale features are incorporated
with spectral features of HS data; ref. [22] proposed a multiscale pseudo-Siamese network
with attention mechanism (MA-PSNet) and provided a multiscale feature learning module
to comprehensively extract features at various scales.

Despite the compensatory advantages of multiscale feature input over single scale
characteristics, many challenges persist. Different land cover categories possess vary-
ing requirements across scales, indicating that the contribution of multiscale features to
classification performance is not uniform. Consequently, it is essential to calibrate the
respective weights of each characteristic, a laborious and inherently imprecise operation.
Conversely, merely amalgamating multimodal features from various scales via cascading
may intensify high-dimensional issues, while high-dimensional data can result in the curse
of dimensionality in the model when labeled data is inadequate, potentially compromising
the accuracy of the final classification of multimodal data. Consequently, the selection of
suitable scale features from multiscale characteristics and the proper utilization of multi-
scale feature information to prevent overly high dimensionality are critical challenges that
require immediate attention.

2.2. Attention Mechanism

The attention mechanism (AM) [23] has been a subject of investigation in neurology
for some decades. The AM is an important part of human vision and has become a research
hotspot in the past few years [24]. The human visual system does not perceive external
objects in their entirety; instead, it selectively focuses on significant elements based on
necessity, subsequently synthesizing these disparate components to create a comprehensive
impression of the observed entities. The AM is critically significant since it enhances the
performance and accuracy of DNNs [25]. The AM can provide varying weights to relevant
components of each input, enabling the model to concentrate on extracting the most
critical and significant content, thus facilitating more precise decisions. Simultaneously,
the implementation of AM does not impose additional burdens on model storage and
processing, which is a significant factor contributing to its widespread utilization [26]. The
AM has been extensively utilized in visual tasks by augmenting the features; ref. [27]
propose a hierarchical CNN and transformer architecture for combined categorization of
hyperspectral imagery and LiDAR data. The approaches for attention can be found in [28].

The AM has been widely applied in the visual tasks by enhancing the ability of
network to perceive the effective information and enables the model to focus on the piv-
otal parts of the features [29]. Woo et al. [30] proposed a convolutional block attention
module (CBAM) that can enhance the features in both the channel and spatial domains.
Dosovitskiy et al. [31] presented a VIT (Vision Transformer) based on the traditional trans-
former model and applied self-attention mechanism to extract image features, achieving
results comparable to those of CNNs. The success of AM in computer vision has in-
troduced new concepts to the field of RS image processing. Zhu et al.’s [32] proposed
end-to-end residual spectral spatial attention network (RSSAN) utilizes CBAM to search
for empty spectral features connected to target pixel points and assign different weights
to them, resulting in more discriminative features and improved classification accuracy.
Wang et al. [33] proposed a full-scale linked Unet network based on spatial-spectral joint
perceptual attention for HS image and multispectral image fusion.
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2.3. Hyperspectral and LiDAR Fusion Classification

The integration of LIDAR and hyperspectral data has seen numerous advancements
with deep learning models, such as CNNSs, that effectively extract spatial and spectral
features [34]. Furthermore, ref. [14] introduced a two-branch multiscale network that
enhances spectral-spatial feature extraction, providing a solid foundation for multimodal
classification tasks. In recent years, many researchers combined HSI with LiDAR images for
classification. Typical networks are dual-branch CNN [34] and HRWN (Hyperspectral and
LiDAR Wide Network). The former designs a unique network, which has two branches, to
extract HSI features and LiDAR image features, respectively. Specifically, 2D convolution
structure and 1D convolution are applied in HSI feature extraction to capture spectral
and spatial features simultaneously. Also, a cascade block is utilized in LiDAR feature
extraction for feature reusing. Finally, the features are stacked and classified in the classifier.
Based on the two-branch network, HRWN applies the pixel affinity approach to the LIDAR
branch. In addition, a hierarchical random walk module is designed in the classifier to fuse
the features of different sources and obtain more significant classification results. Moreover
the FusAtNet [35] applies the attention mechanism for land-cover classification. In the
feature extraction part, the self-attention method is adopted to collect HSI and LiDAR
features, and then this network links multimodal data with cross-attention. The coupled
CNN [36] also achieves satisfactory outcomes. This network adopts the approach of sharing
parameters when extracting features from different sources, greatly reducing the number of
operation parameters, and designs a decision fusion module to better adapt to the features
of multisource data. Different from the above methods, the proposed method adopts an
exceptional feature fusion approach and achieves a better classification performance.

3. Methodology
3.1. Overall Architecture

The overall architecture of the proposed CAB-HL model is shown in Figure 1. The
proposed framework uses both HSI and LiDAR data for classification in a dual-modality
manner. The HSI data was first transformed into a data cube through PCA dimensionality
reduction and fed through multipath 3D convolutional layers to extract spectral-spatial
features. To extract spatial features effectively, LIDAR data is passed through multipath
depthwise separable 2D convolutional layers. The extracted features from both modalities
are then fused using CAM in two stages to enable feature matching and interaction. The last
fused features are then classified to produce accurate land-cover maps to take advantage of
the synergistic relationship between HSI and LiDAR, integrating hyperspectral imaging
(HSI) and LiDAR modalities. The model leverages complementary spatial and spectral
features from HSI and spatial features from LiDAR to achieve robust classification. The
pipeline consists of the following steps:

e HSI Feature Extraction: A multipath 3D convolutional block is used to extract spectral—
spatial features from the HSI data.

e  LiDAR Feature Extraction: A multipath depthwise 2D convolutional block processes
the LiDAR data to extract spatial features at multiple scales

®  Cross-Attention Fusion: The extracted features from HSI and LiDAR are fused using a
cross-attention mechanism in two stages.

¢  C(lassification: The fused features are passed through fully connected layers and a
softmax activation function to generate class predictions.
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Figure 1. Architecture of the proposed cross-attention bridge for the HSI and LiDAR (CAB-HL)
models.

3.2. Multipath Convolutional Blocks (CAB-HL)

The HSI feature extraction module employs multipath 3D convolutional layers to
extract spectral-spatial features at multiple scales, as illustrated in Figure 2. The block
utilizes three parallel pathways to record multi-scale spectral-spatial characteristics. Each
pathway initiates with a Conv3D layer, employing varying kernel sizes (7 x 7 X 7,5 x 5 x 5,
and 3 x 3 x 3), generating feature maps with channel dimensions of 8, 16, and 32, cor-
respondingly. The Conv3D layers with 1 x 1 x 1 kernels further enhance these features,
augmenting the channels to 16, 32, and 64 for improved feature representations. The
outputs from all pathways are concatenated and integrated using a Conv3D layer with
a 3 x 3 x 3 kernel, resulting in a final output with b channels. A skip connection directly
incorporates the block’s input into the output via element-wise summation, facilitating
robust spectral-spatial feature learning and fast gradient propagation. The methodology
includes the following:

_ Conv3D ) | Conv3D
T 8@TTT T 16@1*1*1
A
Conv3D > Conv3D | Conv3D
16@5*5*5 32@1*1*1 b@3*3*3
_ Conv3D _|  Conv3D
32@3*3*3 T 64@1*1*1

Figure 2. Structure of the multipath 3D convolutional block for HSI feature extraction in the CAB-
HL model.

- Multi-Scale Convolutions: Different kernel sizes (7 x 7 X 7,5 x5 x 5,3 x 3 x 3) are

applied to capture features at varying scales.

F, = Conv3Dy, xk, <k, (Xust), p €{1,2,3} )
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- Channel Refinement: Pointwise convolutions refine the extracted features by reducing
the number of channels:
F; = COI’IV3D1><1><1(Fp). (2)

- Feature Fusion and Skip Connections: The refined features are concatenated and
passed through another 3D convolutional layer. A skip connection adds the input
back to the processed features:

FEinal = Conv3D3y343 (Concat(F/l, Flz, F/3) ) + Xysi- 3)

The LiDAR feature extraction module uses multipath depthwise convolutional blocks,
as depicted in Figure 3. The block consists of three parallel paths, with Conv2D layers
using different kernel sizes (7 x 7,5 x 5, and 3 x 3) to extract multi-scale spatial features,
producing feature maps with 8, 16, and 32 channels, respectively. Each pathway incorpo-
rates a depthwise separable Conv2D (3 x 3) and a 1 x 1 Conv2D to enhance the computing
efficiency and optimize features. The outputs are concatenated and integrated via a Conv2D
(3 x 3 x 3) layer, followed by a skip connection to enhance feature learning and gradient
propagation. The methodology includes the following:

)
[ conv2D [ convap | [ comvap | _
o * o % o *
8@7*7 | s@¥3 | | 8@t
) 15 N s ~
o[ conv2p | Conv2D [ convap [ conv2D
16@5*5 16@3*3 16@1*1 | b@3'33
) 5 ) s
» Conv2D | Conv2D » Conv2D | |
32@3*3 32@3*3 32@1*1

Figure 3. Structure of the multipath depthwise convolutional block for LiDAR feature extraction in
the CAB-HL model.

- Multi-Scale Convolutions: Convolutions with kernel sizes (7 x 7,5 x 5,3 x 3) extract
features at different spatial scales:

Fp = Conv2Dy, ., (XLipAR), P € {1,2,3}. 4)

- Depthwise Separable Convolutions: Depthwise convolutions followed by pointwise
convolutions refine the spatial features:

F, = DepthwiseConv2Dj,,, 5(F)) ()

F;,’ = ConVZDlxl(F;,). (6)
- Feature Fusion and Skip Connections: The refined features are concatenated and
processed further, with the input added back to preserve the original information:

Frinal = Conv2D3,3,3(Concat(FY, F5, F3)) + XLipar- (7)

3.3. Cross-Attention Mechanism

The CAM serves as the core of the proposed CAB-HL framework, facilitating effective
feature fusion between HSI data and LiDAR data. HSI data, which are inherently 3D,
provide detailed spectral-spatial information, while LIDAR data, which are primarily
2D, focus on spatial elevation details. CAM is designed to align and integrate these
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heterogeneous features by dynamically adjusting attention weights between the modalities,

ensuring effective information exchange.
The architecture of CAM, shown in Figure 4, aligns and fuses the HSI and LiDAR
features in two stages. For each stage k, the fusion process is defined as follows:

0

Cross

k k
— caM(ER FEL ), ke {1,2,3) @®)
We first reshape each input so that the spatial dimensions are flattened:
F};s; = reshape(Fpg) € RE*(HW)xCusi 9)

F). = reshape Fripar) € RBX(HW)XCUDAR (10)
LiDAR p

The HSI input tensor is denoted as Fys; € RE*Crsi*H*W and the LIDAR input tensor
is denoted as Fyjpag € REXCLpaRXHXW,

n 0
)

Attention Map

Softmax

N

-

iDAR

Fusion features

) |
&—
‘-

N

LiDAR

Figure 4. Cross-attention module.

Here, B is the batch size, Cyysy and Cpipar are the channel dimensions of the respective
modalities, while H and W are the spatial dimensions, where (HW) is the sequence
length. In the computational framework of CAM, the query serves as the core information
for generating attention scores. When processing joint HSI and LiDAR datasets, we
posit that the spectral features derived from HSI exhibit superior discriminative power
compared to spatial and elevation features, thus warranting higher prioritization. Spectral
information inherently captures fine-grained physical properties and spectral responses
of ground objects, making it especially effective for discriminative tasks, such as land-
cover classification and change detection. In contrast, while the spatial and elevation data
provided by LiDAR play a critical role in characterizing object morphology and structural
attributes, their discriminative capacity remains relatively limited. We project Fj;q; to
queries and F;, ,» to keys and values, respectively:

K =F};psg X Wk (12)
V =F;psr X Wy (13)
Q x KT

Attention = Softmax( )V (14)

vk
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CAM(FHSI, FLiDAR) = Cat(Attention(h)) X WO (15)

where Wy, Wk, and Wy, are the projection matrices for the three spaces, respectively. Q
represents the queries, K represents the keys, V represents the values, h represents the
number of heads, Attention") represents the output of the /i-th head, and W, represents
the output transform matrix.

3.4. Classification and Optimization

The fused features from the cross-attention mechanism are passed through fully
connected layers for classification. A softmax activation function generates the final class
probabilities:

Y = Softmax(FC(F2) ) (16)

Cross

To optimize the CAB-HL model, the cross-entropy loss is minimized:

c
L=~ yilog(y:) (17)
i=1

where y; is the ground truth label, and §; is the predicted probability for class i. An Adam
optimizer is employed for training.

3.5. Algorithm

The overall training strategy of the CAB-HL framework is outlined in Algorithm 1.
This algorithm encapsulates the end-to-end process, including preprocessing, feature
extraction, cross-attention fusion, and final classification. Equations (1)-(17) correspond to
key steps for spectral-spatial integration of HSI and LiDAR data. Refer to Algorithm 1 for
the detailed procedural steps.

Algorithm 1 Multimodal classification pipeline with cross-attention

Require: HSI data Xyygp, LIDAR data X1;par
Ensure: Classified results Y
1: Preprocess Input Data
: Apply PCA on Xygj for dimensionality reduction.
: Normalize LiDAR data Xj;paRr-
: Feature Extraction
. Extract features with 3 x 3 convolutions:

T = W N

Fiyst = Conv3D3y3x3(Xpsi),  Fripar = Conv2D3,3(X1ipaR)

: Cross-Attention Mechanism (CAM)
7: Generate Query (Q), Key (K), and Value (V) from HSI and LiDAR features:

Attention Map = Softmax(Q - KT) Frueq = Attention Map -V

o))

8: Feature Fusion
9: Concatenate and reshape fused features:

Feinal = Concat(Fysy, FLiDAR)
10: Apply element-wise addition:
Ffinal = Frused + previous

11: Final Refinement and Classification
12: Apply 1 x 1 convolutions and softmax:

Y = Softmax(FC(Fgpal))

13: return Y
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4. Experimental Results
4.1. Datasets

To assess the effectiveness of the proposed approach, three publicly accessible multi-
sensor remote sensing image classification datasets are utilized as experimental datasets:

the Houston2013 dataset, the Trento dataset, and the Augsburg dataset. Comprehensive
parameters are shown in Table 1.

Table 1. Dataset description.

Dataset Houston2013 [37] Trento [11] Augsburg [38]
Location Houston, Texas, USA Trento, Italy Augsburg, Germany
Sensor Type HSI LiDAR HSI LiDAR HSI LiDAR
Image Size 349 x 1905 349 x 1905 600 x 166 600 x 166 332 x 485 332 x 485
Spatial Resolution 25m 25m 1m 1m 30 m 30 m
Number of Bands 144 1 63 1 180 1
Wavelength Range 0.38-1.05 m / 0.42-0.99 m / 04-25m /
Sensor Name CASI-1500 / AISA Eagle Optech ALTM 3100EA  HySpex DLR-3 K

Augsburg dataset: The Augsburg dataset consists of paired HSI and LiDAR DSM
data, where the HSI data was collected using the HySpex sensor, and the LIDAR DSM
data was obtained with the DLR-3 K sensor. This dataset was acquired over Augsburg,
Germany, which is an urban environment. The spatial dimensions of the Augsburg dataset
are 332 x 485, with a spatial resolution of approximately 30 m. The HSI data includes
180 spectral bands, spanning the wavelength range of 0.4 to 2.5 pm. The LIDAR DSM data
provides 3D elevation information for surface features. The detailed number of samples for
each category is listed in Table 2.

Houston2013 dataset: The Houston2013 dataset was captured using the ITERS CASI-
1500 sensor over the University of Houston campus and its surrounding urban area in
Houston, Texas, USA, in 2012. This dataset includes both HSI and LiDAR DSM data. The
spatial dimensions of the dataset are 349 x 1905, with a spatial resolution of approximately
2.5 m. The HSI data consists of 144 spectral bands, covering the wavelength range from
380 to 1050 nm. The LiDAR data provides elevation information for ground features. The
land cover is categorized into 15 types: Healthy grass, Stressed grass, Synthetic grass, Trees,
Soil, Water, Residential, Commercial, Road, Highway, Railway, Parking Lot 1, Parking Lot
2, Tennis Court, and Running Track. The sample counts for each class are listed in Table 3.

Trento Dataset: The Trento dataset is an HSI-LiDAR pair dataset, where the HSI data
were collected by an AISA Eagle sensor, and the LiDAR digital surface model (DSM) data
were acquired by an Optech ALTM 3100EA sensor. The dataset is captured over a rural area
south of the city of Trento, Italy. The Trento dataset has a spatial dimension of 166 x 600
with a spatial resolution of approximately 1 m. The HSI data in the Trento dataset consists
of 63 spectral bands, with wavelengths ranging from 420 to 990 nm. The LiDAR DSM data
provides elevation information of ground features. The land cover is classified into six
categories: Apple trees, Buildings, Ground, Woods, Vineyard, and Roads. The number of
samples for each category is provided in Table 4.
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4.2. Parameter Tuning

In this article, we use Python 3.10 to create our programs and PyTorch 2.1.2 to im-
plement the convolutional neural network component. Every test was carried out on a PC
running Windows 10, an Intel Core i7-10870 h, and a GeForce RTX 4060ti with Max-Q Design.

4.3. Parameter Setting

The experiments use multiple batch sizes of 8, 16, 32, 48, and 64; encompass 150 epochs;
and employ the cross-entropy loss function. The proposed CAB-HL model is implemented
using the PyTorch deep learning framework, with all program development conducted
in Python 3.10. The experiments are executed on a workstation configured with an Intel
Core i5-13490F CPU, 96 GB of RAM, and an NVIDIA GeForce RTX 4060 Ti GPU, operating
under the Windows 10 environment. To ensure objective and reproducible performance
evaluation, three commonly adopted metrics are employed: overall accuracy (OA), average
accuracy (AA), and the Kappa coefficient. These metrics facilitate a comprehensive com-
parison between the predicted classification results and the corresponding ground truth

maps across all benchmark datasets.

4.4. Effect of Patch Size and PCA Components on OA

In the proposed method, the CAB-HL component applies CNN as its backbone. The
feature extraction efficacy of CNNs is considerably affected by the dimensions of the input
patches. Smaller patch sizes emphasize intricate features in the image, including texture
and edges; nevertheless, overly diminutive patches may neglect contextual information.
On the other hand, greater neighborhood patch sizes can incorporate rich data from nearby
pixels, which improves the ability to capture contextual associations. Excessively large
patches, however, could mask crucial local information. Thus, choosing the neighborhood
patch size necessitates striking a balance between local detail preservation and information
integration. Patch and PCA comparison has been shown in Figure 5.
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Figure 5. Comparison of different models various parameters: (a) Augsburg. (b) Houston2013.

(c) Trento.

4.5. Learning-Rate Comparison

The learning rate is a crucial hyperparameter in the deep learning process. The main
goal is to control the network’s mass by calculating and implementing the gradient of the
loss function. An excessively high learning rate may cause parameter updates to exceed the
optimal value. This consequently causes variations in the loss function value throughout
parameter tuning, ultimately leading to the failure of network convergence. A learning rate
that is excessively low may cause the network parameters to become ensnared in a high
local minimum during the parameter search, hindering the exploration of superior local
minima that are more likely to be global.
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4.6. Comparison and Analysis of Classification Performance

The classification efficacy of the proposed CAB-HL model is evaluated utilizing three
standard benchmark datasets: Augsburg, Trento, and Houston2013, in comparison to nine
cutting-edge models: MDL-RS [13], EndNet [11], CALC [39], CCR-Net [40], ExViT [41],
DHVIT [42], SAL2RN [43], MS2CANet [44], and DSHF [45]. The assessment is conducted
utilizing OA, AA, and the Kappa Coefficient, in addition to class-specific accuracy evalua-
tions. Our proposed CAB-HL model consistently surpasses all rival method, demonstrating
substantial enhancements across all datasets. The model attains OA, AA, and Kappa co-
efficients, illustrating its efficacy in managing intricate spectral-spatial fluctuations. The
classification maps (Figures 6-8) visibly validate the enhanced efficacy of CAB-HL, demon-
strating fewer classification errors and superior boundary delineation relative to alternative
models. In Figures 6-8, the black pixels in the ground truth label image represent back-
ground or unlabeled regions, which are intentionally excluded from both training and
evaluation. This visualization follows established practices in recent benchmark stud-
ies, such as S3F2Net [46], DSHFNet [45] and AM3Net [47], ensuring consistency and
fairness in comparative analysis. Among the competing methodologies, DSHF ranks as
the second-best performer, succeeded by MS2CANet and SAL2RN, whereas models like
CCR-Net, DHViT, and MDL-RS demonstrate inferior classification performance due to
their inadequacy in effectively distinguishing spectrally identical land-cover categories. A

comprehensive analysis of classification outcomes for each dataset is presented below:

Residential-Area
Industrial-Area
Low-Plants
Allotment
Commercial-Area
Water

Figure 6. Classification maps utilizing several methodologies for the Augsburg dataset: (a) Ground-
truth map; (b) MDL-RS (89.60%); (c) CALC (98.16%); (d) CCR-Net (88.15%); (e) EndNet (88.52%);
(f) ExViT (90.62%); (g) DHVIT (85.82%); (h) Sal2RN (91.08%); (i) MS2CANet (91.99%); (j) DSHF
(92.88%); (k) Proposed (94.5%).

4.6.1. Classification Performance on the Augsburg Dataset

The Augsburg dataset comprises natural and artificial land cover types, presenting
difficulties due to the existence of spectrally analogous urban structures and vegetation.
Table 2 delineates the categorization performance of each model.

e  CAB-HL achieved the highest accuracy, with an OA of 94.5%, AA of 77.12%, and a

Kappa coefficient of 92.1%.

e  DSHEF follows as the second-best model with an OA of 92.88%, benefiting from its
spectral-spatial fusion capability but struggling with shadowed urban areas.

e MS2CANet (91.67%) and SAL2RN (89.85%) perform relatively well but fail to fully
exploit spatial dependencies in the dataset.
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e MDL-RS, EndNet, and DHViT exhibit a lower classification accuracy, particularly in

urban areas where mixed pixels reduce their effectiveness.

(a)

() © @ © o (@ ) R ®

Figure 7. Classification maps utilizing several methodologies for the Houston2013 dataset:
(a) Ground-truth map; (b) MDL-RS (89.60%); (¢) CALC (98.16%); (d) CCR-Net (88.15%); (e) EndNet
(88.52%); (f) EXViT (90.62%); (g) DHVIT (85.82%); (h) Sal2RN (91.08%); (i) MS2CANet (91.99%);
(j) DSHE (92.88%); (k) Proposed (99.35%).

(2 (k)

Figure 8. Classification maps utilizing several methodologies for the Trento dataset: (a) Ground-truth
map; (b) MDL-RS (89.60%); (c) CALC (98.16%); (d) CCR-Net (88.15%); (e) EndNet (88.52%); (f) ExViT
(90.62%); (g) DHVIT (85.82%); (h) Sal2RN (91.08%); (i) MS2CANet (91.99%); (j) DSHF (92.88%);
(k) Proposed (99.7%).

The classification maps in Figure 6 provide a visual confirmation of the superior
performance of CAB-HL, where misclassification in urban areas is significantly reduced
compared to other models. Competing models exhibit difficulty in differentiating be-
tween vegetative and constructed environments, whereas CAB-HL provides more accurate
boundary delineation.

4.6.2. Classification Performance on the Houston2013 Dataset

The Houston2013 dataset is widely recognized in hyperspectral image classification
research due to its diverse set of urban and vegetation classes, making it a highly challenging
benchmark. The composition includes intricate urban formations, aquatic environments, and
flora, necessitating advanced spectral-spatial learning for optimal categorization precision.
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e CAB-HL markedly surpasses all alternative approaches, attaining OA of 99.35%, an
AA of 99.5%, and a Kappa coefficient of 99.3.

e DSHF achieved an overall accuracy of 92.88%, ranking second in performance, al-
though it demonstrates misclassification in metropolitan areas characterized by signif-
icant spectral mixing.

e MS2CANet (91.99%) and SAL2RN (91.08%) yield robust findings; nevertheless, they
do not sustain classification consistency across various land cover types.

e MDL-RS and EndNet exhibit modest performance; nevertheless, their classification
maps indicate increased noise and misclassification in vegetative areas.

e CCR-Net and DHViT demonstrate the poorest performance, especially in differentiat-
ing residential, business, and road networks due to spectral overlap.

Figure 7 illustrates classification maps that underscore the superior performance of
CAB-HL, demonstrating more precise and refined separation of urban and vegetation areas
relative to rival models. The CAB-HL approach significantly mitigates misclassification in
aquatic and urban regions, hence enhancing accuracy in land cover classification.

4.6.3. Classification Performance on the Trento Dataset

The Trento dataset predominantly consists of agricultural and urban areas, posing
difficulties due to the significant spectral resemblance among various land cover categories,
especially in vineyards and roadways.

e  CAB-HL attains an OA of 99.7%, an AA of 99.6%, and a Kappa coefficient of 99.59,
illustrating its exceptional proficiency in identifying agricultural and urban areas.

e DSHF (98.3%) and MS2CANet (97.9%) demonstrate competitive efficacy; nevertheless,
they inadequately capture fine-grained spatial information, resulting in misclassifica-
tion within mixed land cover areas.

e SAL2RN (97.6%) and CCR-Net (96.4%) exhibit difficulty in distinguishing between
vineyard and ground classes, thus affecting their total classification accuracy.

e DHVIT and ExViT demonstrate the poorest performance, mostly because to their
constrained capacity to capture long-range dependencies in agricultural regions.

Figure 8 demonstrates that the classification map produced by CAB-HL closely cor-
responds with the ground-truth data, whereas alternative approaches exhibit significant
classification noise. Competing models demonstrate misclassification at field boundaries
and road networks, but CAB-HL effectively maintains spatial continuity in agricultural
areas. In all three datasets (Augsburg, Trento, and Houston2013), our proposed CAB-HL
model consistently surpasses current state-of-the-art approaches regarding OA, AA, and
Kappa measures. The enhancements in classification accuracy are due to CAB-HL’s sophis-
ticated spectral-spatial feature extraction and hierarchical learning methodology, which
adeptly catches intricate nuances and complex land cover patterns.

The classification maps (Figures 6-8) further substantiate the efficacy of our approach,
demonstrating a notable decrease in misclassification errors relative to alternative methods.
Specifically, in densely populated metropolitan regions and agricultural environments,
CAB-HL exhibits distinct benefits in maintaining spatial coherence and minimizing catego-
rization noise.

These findings highlight the capability of CAB-HL as a formidable hyperspectral
image classification framework, facilitating enhanced land cover mapping applications in
urban planning, agriculture, and environmental monitoring.

4.7. Multiscale Input Patch Size Comparison

The determination of the optimal patch size is critical in picture categorization, since a
large patch size incorporates superfluous information, but a small patch size may obscure
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essential details. In multiscale feature inputs, the patch size is crucial, as varying patch
sizes produce distinct imaging outcomes. Figure 7 depicts the effect of input patch sizes A
varying from 2 to 10. The findings indicate that 8 is the ideal parameter for the Houston2013
dataset, whereas 6 is optimal for the other two datasets. This variation is ascribed to the
varying spatial scale dimensions among the various datasets.

4.8. Learning-Rate Comparison

The learning rate is a crucial hyperparameter in the deep learning process (Figure 6).
The main goal is to control the network’s mass by calculating and implementing the
gradient of the loss function. An excessively high learning rate may cause parameter
updates to exceed the optimal value. This consequently causes variations in the loss
function value throughout parameter tuning, ultimately leading to the failure of network
convergence. A learning rate that is excessively low may cause the network parameters
to become ensnared in a high local minimum during the parameter search, hindering the
exploration of superior local minima that are more likely to be global. The classification
results with learning rates varying from 0.001 to 0.0001. The findings indicate that 0.0001 is
the best parameter for three datasets.

5. Ablation Study: Evaluating the Impact of Key Components in the
CAB-HL Model

In this ablation study, we examine various iterations and combinations of input
modalities and modules in order to assess the efficacy of the cross attention module (CAM)
in the CAB-HL model. Three benchmark datasets, Houston2013, Augsburg, and Trento,
were used in the trials to evaluate how each component affects the model performance.
The findings for various configurations, such as HSI, LIDAR, and CAMs, are displayed in
Table 5, along with the OA, AA, and Kappa coefficient.

The introduction of the cross attention module (CAM) significantly improves the
performance of the CAB-HL model across all datasets. The HSI + LiDAR + CAM configu-
ration yields the maximum overall accuracy (OA) of 99.91 percent in the Trento dataset,
99.89 percent in Houston2013, and 99.91 percent in Augsburg. This signifies that the CAM
proficiently integrates spatial and spectral data from both HSI and LiDAR, enhancing the
model’s capacity to capture complementing attributes. The improvement in performance
is due to the model’s capacity to dynamically focus on the most informative information
from both modalities, hence enhancing the overall representation.

Table 5. Ablation Study.

Module Datasets
- Metrics

HSI LiDAR CAM Houston2013 Augsburg  Trento
OA (%) 98.98 93.79 98.88

Vv X X AA (%) 99.22 75.44 98.19

Kappa (%) 98.9 91.06 98.5

OA (%) 99.57 94.50 99.63

Vv V4 X AA (%) 99.67 77.12 99.02

Kappa (%) 99.54 92.10 99.5

OA (%) 99.76 93.93 99.63

Vv X Vv AA (%) 99.81 79.27 99.43
Kappa (%) 99.74 91.32 99.51

OA (%) 99.89 93.51 99.83

Vv Vv Vv AA (%) 99.91 75.76 99.70
Kappa (%) 99.88 90.69 99.77
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When the CAM is excluded and the model uses only HSI and LiDAR features for
fusion, we observe a drop in performance. The OA diminishes to 99.57% for Houston2013,
99.54% for Augsburg, and 99.74 percent for Trento, as seen in the HSI-with-LiDAR row in
the table. The lack of the CAM restricts the model’s capacity to concentrate on the most
pertinent features from each modality, leading to a less effective fusion process. This setup
underscores the significance of attention methods for enhanced feature alignment and
integration, notwithstanding the model’s continued strong performance.

6. Conclusions

In conclusion, a major development in multimodal data fusion for remote sensing
applications is the suggested cross attention bridge for the HSI and LiDAR (CAB-HL)
framework. CAB-HL achieves greater integration of spectral and spatial information by
utilizing a single-stage fusion technique and a cross-attention mechanism, which overcomes
conventional constraints in feature clarity and spatial context. Its efficacy is demonstrated
by experimental results on a variety of real-world datasets, which show improved perfor-
mance in vegetation analysis, topography mapping, and land cover categorization. These
results highlight CAB-HL's potential to improve resource management and environmental
monitoring, opening the door for further advancements in remote sensing technology.
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Highlights

What are the main findings?

e  Hybrid-SegUFormer achieves effective landslide INSAR deformation detection perfor-
mance (IoU: 66.74%, F1-score: 80.05%) through synergistic integration of segFormer
encoder, multi-scale decoder and self-distillation mechanism.

e  Hybrid-SegUFormer demonstrates exceptional multi-scale adaptability with minimal
performance degradation and strong cross-regional generalization capability, main-
taining superior metrics on unseen datasets and demonstrating its practical utility.

What are the implications of the main findings?

e  This study offers a reliable and efficient solution for large-area landslide deformation
zone detection using INSAR data in rugged terrains.

e By demonstrating strong cross-regional generalization, Hybrid-SegUFormer reduces
the need for localized data collection, facilitating more efficient large-area landslide
early warning and risk mitigation.

Abstract

Landslide deformation monitoring via InSAR is crucial for assessing the risk of hazards.
Quick and accurate detection of active deformation zones is crucial for early warning
and mitigation planning. While the application of deep learning has substantially im-
proved the detection efficiency, several challenges still persist, such as poor multi-scale
perception, blurred boundaries, and limited model generalization. This study proposes
Hybrid-SegUFormer to address these limitations. The model integrates the SegFormer en-
coder’s efficient feature extraction with the U-Net decoder’s superior boundary restoration.
It introduces a multi-scale fusion decoding mechanism to enhance context perception struc-
turally and incorporates a self-distillation strategy to significantly improve generalization
capability. Hybrid-SegUFormer achieves detection performance (98.79% accuracy, 80.05%
Fl1-score) while demonstrating superior multi-scale adaptability (IoU degradation of only
6.99-8.83%) and strong cross-regional generalization capability. The synergistic integration
of its core modules enables an optimal balance between precision and recall, making it
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particularly effective for complex landslide detection tasks. This study provides a new ap-
proach for intelligent interpretation of INSAR deformation in complex mountainous areas.

Keywords: landslides; active deformation zone; detection; INSAR; Multi-Scale Decoder;
Self Distillation

1. Introduction

Landslides refer to the phenomenon where rock, soil, or debris masses on a slope move
downward or outward under the influence of gravity, typically triggered by earthquakes,
rainfall, or human activities [1,2]. According to the Global Fatal Landslide Database (GFLD,
formerly termed the Durham Fatal Landslide Database), spatiotemporal analysis of global
fatal non-seismic landslides from 2004 to 2016 revealed that a total of 55,997 people died in
4862 distinct landslide events, with Asia being the high-incidence region. Situated on the
eastern edge of the Eurasian Plate, China is significantly influenced by the movements of the
Pacific Plate, Indian Ocean Plate, and Eurasian Plate. Its complex topography, geological
conditions, and intense tectonic and seismic activity contribute to a high frequency of
landslide disasters [2]. In recent years, the continuation of an active seismic period, an
increase in extreme rainfall events, and escalating intensity of human engineering activities
have further exacerbated landslide risks, making the disaster prevention and reduction
situation severe [3-6].

Deformation magnitude is a key physical quantity characterizing landslide stabil-
ity and movement state [7]. It can intuitively reveal the deformation evolution process
of a slope and serves as a crucial precursor signal for landslide instability. Therefore,
deformation monitoring is the most direct and effective means to reveal landslide evolu-
tion mechanisms [8], and it is also the critical basis for conducting landslide hazard risk
assessment and early warning forecasting. Currently, common surface deformation moni-
toring methods include ground-based point monitoring techniques such as crack gauges,
GNSS (Global Navigation Satellite System), rain gauges, inclinometers, and accelerometers.
Among these, GNSS is the most widely applied in landslide monitoring due to its global
coverage, all-weather operation capability, millimeter-level 3D accuracy, and automation
capacity [9,10]. However, ground-based point monitoring methods like GNSS are limited
to the locations where equipment is installed, making it difficult to achieve areal coverage.
This results in blind spots when monitoring large-scale landslides or risk zones, failing to
meet the urgent need for large-scale, high-density monitoring of geological hazards.

The Interferometry Synthetic Aperture Radar (InSAR) technology developed in recent
years possesses capabilities for large-scale, long time-series, and high-temporal-resolution
surface deformation monitoring. The abundant availability of SAR satellite data and
increasingly mature INSAR processing techniques provide massive deformation informa-
tion for high-precision monitoring of landslide hazards, serving as critical data support
for large-scale geo-hazard monitoring, with accuracy reaching centimeter to millimeter
levels. Furthermore, deformation field data acquired through InSAR is crucial for the
early identification of potential landslides, serving as a key basis for determining potential
landslides, especially in the identification of high-altitude and concentrated distributed
landslide hazards [11].

Primary radar satellite methods for landslide deformation monitoring include Differ-
ential INSAR (D-InSAR), InSAR Stacking, Multi-Temporal INSAR (MT InSAR), and Pixel
Offset Tracking (POT), each playing vital roles in tracking different stages of landslide
evolution [12-14]. Among these, D-INSAR technology is the earliest application of InNSAR
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and forms the theoretical basis for multi-baseline interferometric measurement methods
like PS-InNSAR and SBAS-InSAR. As a data approach with relatively simple procedures,
SBAS-InSAR has been broadly used in landslide monitoring based on “comprehensive
remote sensing” [15-17].

Extensive INSAR-based landslide monitoring aims to enhance risk detection accuracy
and prevention effectiveness. Quickly and accurately identifying areas of significant
deformation is crucial for early warning and mitigation planning [18,19]. Current extraction
methods mainly involve manual delineation and threshold segmentation: (1) Manual
delineation uses time-series INSAR analysis followed by expert visual interpretation to
define deformation zones. This method is subjective, labor-intensive, and inefficient due to
dependence on expert judgment [11,20,21]; (2) Threshold segmentation detects deformation
areas by applying rate thresholds to coherent targets with spatial clustering. While it allows
semi-automated extraction, this approach is sensitive to INSAR noise and limited by region-
specific threshold applicability [22]. Therefore, intelligent techniques that balance accuracy
and efficiency are urgently needed to fully utilize INSAR data advantages in landslide
risk management.

In recent years, deep learning techniques (particularly Convolutional Neural Net-
works, CNN) have been progressively applied to INSAR deformation area identification and
segmentation [23-29]. Mainstream models such as Mask R-CNN, DeepLabv3+, U-Net, and
SegFormer demonstrate notable effectiveness: Mask R-CNN combines object detection and
instance segmentation capabilities, generating pixel-level masks to precisely extract land-
slide deformation boundaries [30,31]; DeepLabv3+ integrates an encoder-decoder structure
with an Atrous Spatial Pyramid Pooling (ASPP) module, employing dilated convolutions
to expand the receptive field. This effectively balances local edge features with global
topographic context, enhancing deformation zone contour segmentation accuracy [32-34].
Given frequent vegetation/topographic occlusion and satellite revisit limitations in InNSAR
data—where significant surface deformation remains uncommon—U-Net maintains supe-
rior segmentation performance even with limited annotated samples. Its encoder-decoder
architecture with skip connections preserves both low-level edge details and high-level
semantic features, proving particularly adaptive for extracting vague-boundary, irregularly
shaped deformation patches [35,36]; SegFormer employs a Transformer-based architecture
featuring a multi-scale encoder and lightweight decoder, significantly reducing computa-
tional complexity. Its transformer encoder excels at modeling long-range dependencies,
enabling efficient perception of multi-scale terrain features while accurately capturing local
edges and global spatial relationships within deformation zones—critical for segmenting
complex landslide deformation patterns [37-39]. The limitation of CNNs in capturing
long-range dependencies was addressed through the pioneering integration of the Trans-
former architecture [40]. A BiFusion module was introduced to enable multi-level feature
fusion, forming the TransFuse framework. Building upon this, the novel FSRNet model was
developed in 2025, wherein a Feature Symbiosis Coupling (FSC) strategy was employed to
combine ResNet50 with a Swin Transformer [41]. The local detail representation of CNNs
and the global dependency modeling of Transformers were effectively leveraged, leading to
significantly enhanced segmentation accuracy and inference efficiency in orchard extraction
tasks. The Mean-Teacher self-distillation framework constructs a teacher network through
an exponential moving average (EMA) of the student model’s historical parameters, elimi-
nating dependence on external pre-trained models or additional inference overhead. This
framework has been widely adopted in remote sensing applications, such as utilizing the
Mean Teacher model to generate pseudo-labels for enhancing model generalization under
limited labeled data [42], and developing multi-granularity domain adaptation teacher
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models to address unsupervised domain adaptation challenges in remote sensing object
detection tasks [43].

Despite significant progress in deep learning-based detection of INSAR deformation
zones, existing models remain limited in three critical aspects: (1) inadequate perception of
landslides with high scale heterogeneity, (2) blurred restoration of deformation boundaries
caused by complex slope structures, and (3) limited generalization capability across diverse
geological settings. To address these gaps, this study proposes Hybrid-SegUFormer, a
novel architecture that integrates a SegFormer encoder with a U-Net-inspired decoder,
augmented by a multi-scale decoding mechanism and self-distillation. Our framework in-
troduces two key innovations: first, a hierarchical multi-scale decoder (MSD) that enhances
sensitivity to landslides of varying spatial extents and improves boundary precision; and
second, a self-distillation strategy that strengthens cross-regional generalization without
requiring additional labeled data. Furthermore, we introduce a multi-source auxiliary data
preprocessing strategy to suppress non-landslide deformation signals, thereby reducing
false detections. Validated on SBAS-INSAR datasets from Zayu County and the Upper
Jinsha River, our approach demonstrates superior performance over benchmarks such as
Mask R-CNN, DeepLabv3+, U-Net, and SegFormer, offering a more reliable solution for
landslide risk monitoring systems.

2. Study Area and Data
2.1. Study Area

The study areas comprise two representative high-risk geological hazard zones (Figure 1):
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Figure 1. Location of the study area.
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(1) Area 1 (Zayu County): Located in the southeastern Tibet Autonomous Region
(average elevation: 2800 m), this area features higher topography in the northwest descend-
ing southeastward, with relative relief reaching 3600 m. Dominated by deeply incised
V-shaped valleys, it exhibits characteristic high-mountain canyon and fluvial landforms.
Controlled by the Jiali-Nujiang Fault Zone, surface cover consists of loose sediments (poros-
ity >35%). Strong precipitation during the rainy season, coupled with tectonic activity,
triggers frequent landslides and debris flows [44]. This region was used for model training,
validation, and testing.

(2) Area 2 (The Upper Reach (Baiyu-Tange reach section) of the Jinsha River): Situated
within the Jinsha River tectonic suture zone at the southeastern margin of the Tibetan
Plateau (elevation: 25004400 m). NW-trending main faults and secondary faults dissect
bedrock, forming steep-dipping bank slopes (>45°). It is prone to high-positioned rock
landslides (e.g., Bage landslide volume >240 million m3). This area served to validate the
model’s cross-regional transfer capability.

2.2. Data
2.2.1. SAR Data and Ancillary Data

This study collected 80 scenes of C-band Sentinel-1A imagery over Area 1, spanning
the period from January 2020 to November 2022. The detailed parameters are listed in
Table 1. The Interferometric Synthetic Aperture Radar (InSAR) data processing employed
the European Space Agency (ESA) Precise Orbit products, the 30-m-resolution Shuttle
Radar Topography Mission (SRTM) DEM, and Generic Atmospheric Correction Online
Service (GACOS) products [45—47].

Table 1. Detailed parameters of the SAR imagery over Area 1.

Sensor Polarization Acquisition Wavelength Spatlatl Timespan Direction Path Number of
Mode Resolution Images
Sentinel-1A \A% w 56 cm 5m x 20m  2020.01~2022.11 Descending 106 80
(C band)
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InSAR technology, constrained by the side-looking imaging geometry of SAR sensors,
is susceptible to geometric distortions like layover, foreshortening, and shadow in high
mountainous canyon areas. To address unreliable deformation values in these regions,
this study simulated and calculated the geometric distortion distribution using Sentinel-
1A orbital parameters, imaging geometry, and SRTM 30 m DEM. The identified layover,
foreshortening, and shadow regions are illustrated in Figure 2a. Additionally, 66 scenes of
C-band Sentinel-1A imagery over Area 2 were collected to validate the model’s cross-region
transferability. Detailed imagery parameters are provided in Table 2.
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Figure 2. (a) Sentinel-L geometric distortion map; (b) Land cover; (c) Slope.
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Table 2. Detailed parameters of the SAR imagery over Area 2.

Sensor Polarization Acquisition Wavelength Spatle{l Timespan Direction Path Number of
Mode Resolution Images
. 5.6 cm .
Sentinel-1A \A% w 5m x20m  2017.04~2019.06 Ascending 99 66
(C band)

2.2.2. Multi-Source Geo-Data for Eliminating Non-Landslide Deformation Areas

To accurately identify landslide deformation areas, this study utilized multi-source
geoscience data to eliminate zones affected by non-landslide factors. Both surface distur-
bances (e.g., land use changes, vegetation dynamics) and radar geometric distortions can
mislead the interpretation of deformation signals. The data sources included land cover
from the official ArcGIS website, NDVI data sourced from Google Earth Engine (GEE), and
slope information derived from DEM calculations. Figure 2b,c display the land cover and
slope, respectively.

3. Methods

To address the limitations of current deep learning models in identifying Landslide
InSAR Deformation Detection, including constrained multi-scale object perception, insuffi-
cient boundary detail restoration, and weak model generalizability, this study proposes a
novel Hybrid-SegUFormer model. Compared with the conventional SegFormer-U-Net hy-
brid architecture, the proposed model refines the skip-connection mechanism and enhances
the decoder design and training stability, enabling more efficient multi-scale feature fusion.
Specifically, diagonally-linked skip connections between encoder—decoder pairs allow the
decoder to recover full spatial resolution at the D; stage, where high-resolution semantic
features are directly integrated into the multi-scale decoder (MSD). This design improves
spatial detail preservation and boundary reconstruction. The integrated MSD further ag-
gregates semantic features from all decoding stages (D4—D1), enhancing cross-scale feature
interaction and global-to-local alignment. Moreover, a self-distillation mechanism based on
an exponential moving average (EMA) teacher model introduces an auxiliary distillation
loss alongside the primary supervised loss, guiding the student model to learn continu-
ously from the teacher’s soft predictions and improving training stability and segmentation
accuracy. The model’s effectiveness is validated using SBAS-INSAR surface deformation
datasets from the study area. Additionally, multi-source auxiliary data are incorporated
to mitigate interference from non-landslide deformations and reduce the misidentifica-
tion rate of pseudo-landslide deformation areas. The comprehensive technical workflow
of Hybrid-SegUFormer for landslide InNSAR deformation identification is illustrated in
Figure 3 and comprises the following key steps:

Step 1: Acquire Sentinel-1A data and multi-source auxiliary data for the study area,
and invert surface deformation rates using GACOS-assisted SBAS-InSAR technology.

Step 2: Integrate the SegFormer and U-Net architectures by combining an MSD with
a self-distillation mechanism to construct the Hybrid-SegUFormer model. Train and val-
idate the model using surface deformation rate data from the study area, evaluating its
performance through five metrics: accuracy, precision, recall, Intersection over Union (IoU),
and Fl-score. After testing and assessing the pre-trained model on the test dataset, prelimi-
nary extraction of landslide-induced significant deformation areas is conducted based on
Hybrid-SegUFormer, followed by further elimination of non-landslide deformation regions
using multi-source auxiliary data.

207



Remote Sens. 2025, 17, 3514

Stepl: Surface displacement estimation with GACOS-assisted SBAS-InSAR
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Figure 3. Hybrid-SegUFormer workflow for landslide deformation identification from InSAR data.

3.1. Surface Displacement Estimation with GACOS-Assisted SBAS-InSAR

To address atmospheric disturbances and spatiotemporal decorrelation caused by
rugged terrain and dense vegetation, we used GACOS-assisted SBAS-InSAR for surface
displacement estimation. The data processing workflow included the following steps:

(1) Data Preprocessing: Processed Sentinel-1A Single Look Complex (SLC) images
using GAMMA software with precise orbit products. Performed SAR image co-registration
and terrain phase elimination using a 30-meter Digital Elevation Model (DEM).

(2) Interferometric Processing: Set the temporal-spatial baseline threshold and generate
the interferogram using Goldstein adaptive filtering [48].

(3) Conducted atmospheric phase correction using GACOS products for each interfer-
ogram. Executed phase unwrapping via the Minimum Cost Flow (MCF) algorithm [49];
Eliminated topographic residuals through linear regression of the unwrapped phase and
vertical baseline.

(4) Deformation Inversion: Inverted pixel-wise time-series deformation using Least
Squares (LS) with Singular Value Decomposition (S5VD) [50].

3.2. Structure of Hybrid-SegUFormer

Hybrid-SegUFormer combines the advantages of the SegFormer and U-Net architec-
tures. It incorporates an MSD and a self-distillation mechanism within a four-stage cascade
architecture (Figure 4).

208



Remote Sens. 2025, 17, 3514

IRGE)
y "
f Multi-
— Encoder | ERAN -~ sy Decoder _, D, £ DecSCa-lo:er ¥ & 4
Stagel 1 . _ Stagel

""""""""""""""""" Upconv
------------ o X2 L‘\

Encoder E D —-—--
- Pz Stage2 2 !
Smgez TR g i
/ InputH x W x3 3 l --------------- ey !
i i L !
! H W i i
i EpDaig XX G i Encoder _, E; Decoder — p ____________ 1
H Stage3 Stage3 3 Vo
i H W i o
| Ep Dj: 1o C, i s SN Upcony T
i 1 l """" . X2
i H W T . e T Ny
i E3 DsyimX—XC: i
[ B DagxgxG ES'::‘;:? - E, » Upconv _, Decoder , D,
x2 Stage4

|
| H W

\ Epi=Xx—=xC(,
ot 16" 160 4

SegFormer Encoder Decoder of U-net architecture

Figure 4. Structure of Hybrid-SegUFormer.

(1) SegFormer Encoder Layer: A PyTorch-based SegFormer encoder (PySegFormer-
Backbone) is implemented to extract multi-level features from the input imagery.

(2) U-Net Decoder Layer: Spatial resolution is restored and boundary details are
retained through skip connections and layer-wise upsampling.

(3) Multi-Scale Decoder (MSD): Multi-scale semantic features are uniformly projected
and fused to generate high-resolution semantic predictions.

(4) Self-Distillation Optimization Layer: A Teacher-Student self-distillation loop is
constructed by using the exponential moving average of the student model’s parameters
to update the teacher network. This loop compresses prediction errors and enhances the
generalization ability. The complete processing workflow can be expressed as Figure 5.

Skip Connection

Input ’ SegFormer Encoder Multi-Scale Self- Output
Semantic Downsam x2 with four Decoder Distillation segmentation
Feature times Conv 1x1 Tand S result

Figure 5. Complete workflow.

The nomenclature explanation for the Hybrid-SegUFormer model is provided in Table 3.

Table 3. Nomenclature of Hybrid-SegUFormer.

Components Nomenclature

“Hybrid” signifies that the model integrates multiple architectures
Hybrid (Transformer + CNN), incorporates MSD and self-distillation
mechanism, thereby highlighting its architectural hybridity.

“Seg” denotes application to semantic segmentation
tasks (Segmentation).
8] “U” embodies the incorporation of the U-Net decoder architecture.
“Former” signifies the Transformer encoder (from the
SegFormer series).

Seg

Former

3.3. Encoder

The PyTorch-implemented PySegFormerBackbone encoder uses a four-stage hy-
brid architecture that combines convolutional downsampling for local feature extraction,
lightweight multi-head self-attention for global context modeling, and feed-forward net-
works (FFNs) for feature refinement. The overall decoding process is illustrated in Figure 6,
where F1’, F2/, and F3' denote the nodes of the skip connections. In each stage, convolu-
tional blocks first reduce spatial dimensions and capture local receptive fields, then flatten
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feature maps into sequences processed by Transformer blocks to establish long-range
dependencies, thereby synthesizing CNN’s computational efficiency with Transformer’s
global representation capabilities. The convolutional block at the *I*-th decoder level in-
cludes a single 3 x 3 convolution with a stride of 2, performing the mapping defined
in Equation (1):

X; = O.(BN(chonv *lel))/ chonv c RCIXCI—I x3x3 1)

where * denotes convolution, X; and X; 1 represent the output feature maps at levels [
and [ — 1, respectively. BN(-) is batch normalization. o(-) the nonlinear activation, and
W™ the convolutional kernel parameters. Channel dimensions C; = {64,128,320,512}
ensure exponential channel growth while halving spatial resolution per level, generating
pyramidal features.

Semantic Feature 1x1 l—) SegFormer Encoder

Transformer Blocks —){ Stage 1 Conv(stride=2) | F1' |
¥

Stage 2 Conv(stride=2) | F2'

¥

Stage 3 Conv(stride=2) | F3'

)

Stage 4 Conv(stride=2) —>

Figure 6. Processing flow of the encoder.

The resulting tensor X; € REXC>HxWi s reshaped according to Equation (2) before
Transformer processing:

Z; = reshape(X;) — RE*N*C N, = H/W, 2)

where N represents flattened token count, H; the feature map height, W; the feature
map width, and Z; the reshaped 3D tensor. This implementation eliminates explicit
positional encoding by leveraging convolution-derived implicit location information.
This not only reduces parameters and computation but also maintains SegFormer’s
position-agnostic design. Subsequently, the flattened features are subjected to multi-head
self-attention (Equation (3)):

KT
MHSA(Q, K, V) = Concat(hy, .. .,hH)WO, hi = softmax(% ) V; 3)

where Q;, V;, K; are query/key/value vectors for head I, di the key dimension, h; head
output, WO projection matrix, and H = C/64 head count. Subsequent feed-forward
networks (Equation (4)) apply:

FFN(z) = W, o(W;z2) 4)

where z represents input features, W; and W, are the linear weights. The complete Trans-
former block integrates GELU activation, residual connections, and layer normalization.
The encoder ultimately outputs four-level features B, C;, H;, W}, combining convolutional
local perception with self-attention global representation.
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3.4. Hierarchical U-Net Decoder

The Hybrid-SegUFormer decoder incorporates U-Net’s paradigm of “Upsampling-
Concatenation-Convolution”, constructing four decoding stages (D4 — D7) for quad-level
encoder features (Figure 7). At each level, transposed convolution (ConvTransyyzs=2)
doubles spatial resolution, followed by skip connections with the same-resolution encoder
features for semantic-detail alignment and fusion. The final decoder stage fuses with
bilinearly upsampled original path features, integrating low-level texture details. This
structure maintains deep semantics while gradually restoring fine-grained edges through
shallow layers, achieving a unified resolution and semantics.

Semantic Feature iX% }——> Decoder of U-net architecture

‘ Upconv x2 ‘ Stage 4 ‘ F3' } ..........

l—‘

| Upconvx2 | stage3 | F2 |-

i—‘

‘ Upconv x2 | Stage 2 ‘ F1' } ..........

ﬁl

’ Upconv x2 ’ Stage 1 |

Figure 7. Processing flow of the decoder.

3.5. Multi-Scale Decoder

Due to the significant cross-scale variations in spatial patterns of landslide defor-
mation areas, single-scale semantic features struggle to capture both macro and micro
targets simultaneously. To address this limitation, Hybrid-SegUFormer includes the
MSD (Figure 8). This module performs channel projection and convolutional fusion
across different semantic hierarchies while maintaining a uniform output resolution, ulti-
mately generating scale-sensitive yet spatially consistent prediction maps. The four-level
features derived from the U-Net decoder still exhibit scale and channel discrepancies,
specifically: D4 c RB><C4><H><W, D3 c RB><C3><H><W, D2 c RB><C2><H><W, Dl c RB><C1><H><W'

Upconv4(D3,64) —— 1 X 1 Conv(Projection) —

Upconv3(D,,64) — 1 x 1 Conv(Projection)

> Concatenation —>

Upconv2(D,,64) —> 1 X 1 Conv(Projection) —|

3 x 3 Conv

High-resolution(64) ——— BN + ReLU(Fuse)

Figure 8. Core technical workflow of the multi-scale decoder.

The MSD first projects all feature scales to 64 channels using 1 x 1 convolutions. Sub-
sequently, all multi-scale feature maps are upsampled to match the spatial resolution of the
input image and concatenated along the channel dimension to fuse multi-scale information.

The integrated feature is obtained through 3 x 3 convolutional fusion, followed
by projection to a single-channel segmentation map via 1 x 1 convolution. This design
explicitly models diverse receptive fields, significantly enhancing detection capabilities for
multi-scale targets (Large-scale landslides and Slender slope toes).
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3.6. Online Self-Distillation Mechanism

To mitigate overfitting risks in landslide deformation area extraction under limited an-
notated samples, this study integrates a Mean Teacher self-distillation framework (Figure 9)
into the Hybrid-SegUFormer backbone, enhancing model generalization. This framework
constructs the teacher network via an exponential moving average (EMA) of student model
parameters, offering dual advantages:

Student __, Student Predictions BCE Loss
(Hybrid-SegUFormer) yS With Ground Truth
+
Teacher Teacher Predictions MSE Loss
(EMA) yT (Self-distill)

Figure 9. Self-Distillation Architecture Schematic.

(1) Pre-training Independence: The teacher network is constructed via the exponential
moving average (EMA) of historical student parameters, thereby eliminating dependence
on external pre-trained models. Builds the teacher network through EMA of historical
student parameters, eliminating reliance on external pre-trained models;

(2) Zero Inference Overhead: The teacher network operates solely during training,
adding no computational burden during inference.

The teacher model’s predictions serve as stable soft labels, enforcing consistency
constraints on the student model. This introduces an adaptive distillation consistency loss
alongside traditional hard-label supervised loss, with the joint loss function formulated as
follows (Equation (5)):

L= BCE(y%y) +AaMSE(e(y®),0(y")) Aa=01 ®)

Primary Task Loss Distillation Consistency

where o(+) is the Sigmoid function, yAS and yAT process the prediction outputs of the student
and teacher networks, respectively. Teacher model weights 07 are updated via the expo-
nential moving average (EMA) of student parameters s, without direct backpropagation.

InSAR deformation maps fundamentally differ from natural images: they contain
multiplicative speckle, spatially varying coherence (y), atmospheric phase-screen residuals,
and phase-wrapping discontinuities that obscure deformation boundaries and produce
sparse, noise-prone labels. The model employs a self-distillation mechanism, in which
an EMA-based teacher (x = 0.99) generates temporally averaged soft masks, while the
student is optimized using a BCE loss against binary labels together with an MSE con-
sistency term to the teacher’s outputs. The teacher’s smoothed predictions suppress
speckle-induced fluctuations and capture uncertainty in low-coherence regions, guiding
the student toward spatially coherent deformation patterns. This mechanism reduces false
detections in decorrelated or layover-shadow areas, preserves boundary continuity along
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interferometric fringes, and enhances cross-pair generalization under varying baselines
and atmospheric conditions.

3.7. Evaluation Metrics

To assess the performance of the recognition method, this study uses five metrics:
accuracy, precision, recall, Intersection over Union (IoU), and Fl-score. Accuracy measures
the proportion of correctly predicted pixels out of the total pixels. Precision quantifies the
percentage of true deformation pixels among those predicted as salient deformation areas.
Recall represents the fraction of actual deformation pixels that were correctly identified.
IoU evaluates the overlap between predicted and ground-truth deformation regions. The
Fl-score is the harmonic mean of precision and recall, providing a comprehensive reflection
of the model’s precision and completeness in identifying salient deformation areas. The
formulae for each metric are provided below.

Accuracy = TP+ TN (6)
Y= TPY TN+ FP 1 FN
.. TP
Precision = TP L EP (7)
TP
Recﬂll = m (8)
TP
fou = TP+ FP +FN ©)
F1 score = % (10)
S L
Recall Precision

where:

TP (True Positives): Correctly predicted landslide deformation pixels;

TN (True Negatives): Correctly predicted non-landslide pixels;

FP (False Positives): Non-landslide pixels misclassified as deformation;

FN (False Negatives): Landslide deformation pixels missed by the prediction.

4. Results and Analysis
4.1. Results of the SBAS-InSAR Deformation Estimation

The annual line-of-sight (LOS) deformation velocity under periodic color mapping
was shown in Figure 10 (Area 1) and (Area 2).
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Figure 10. Surface deformation velocity map. (a) is for Area 1 and (b) for Area 2.
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Figure 10a illustrates the surface deformation monitoring results of Zayu County.
Positive deformation velocity indicates ground movement toward the radar sensor, whereas
negative deformation indicates movement away from it. The results show that during
the period from 2 January 2020, to 23 November 2022, the maximum annual deformation
velocity away from the LOS reached approximately 170 mm/y, while that toward the LOS
reached approximately 110 mm/y. Overall, the applicability of INSAR in Zayu County is
higher in the eastern region than in the western region, and higher in the northern region
than in the southern region. This spatial variation was primarily attributed to the dense
vegetation in the western and southern areas. The abundant vegetation caused multiple
scattering, occlusion effects, and seasonal growth variations, resulting in complex phase
changes of the C-band radar signal during propagation. Consequently, maintaining phase
coherence between radar echoes acquired at different times and locations became difficult,
ultimately leading to decorrelation.

Figure 10b presents the surface deformation estimation results for Area-2. The maxi-
mum deformation velocity away from the sensor reached 134 mm/y, while the maximum
deformation velocity toward the sensor reached 52 mm/y. Owing to the sparse vegeta-
tion in this area, a high density of monitoring points is observed. Notably, the landslide
deformation zone in this area exhibits a chair-shaped pattern, characterized by pronounced
deformation features and clearly defined spatial boundaries.

4.2. Sample Preparation

Using Google Earth optical imagery as a supplementary reference along with InNSAR
deformation phase maps, we extracted significant landslide deformation areas on the
ArcGIS platform. Initial interferometric processing of the study-area SAR imagery produced
deformation phase and average velocity maps. Deformation-concentrated zones were
identified through overlay analysis and visual interpretation. These areas were then
vectorized using ArcGIS tools to create polygon vector datasets of significant deformation
regions (Figure 11), providing high-quality sample labels for subsequent landslide detection.
To manage GPU memory constraints during training, deformation phase images were
cropped into 256 x 256-pixel samples (total: 1975 samples). The dataset was partitioned
into 5:1 (train: test) and 8.5:1 (train: val) ratios, with sample ground truths comprising
InSAR significant deformation areas and background values.

b
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Figure 11. Examples of deformation area masks.
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4.3. Model Comparative Experiments

To assess model performance, we compared Hybrid-SegUFormer with several main-

stream semantic segmentation models, including U-Net, DeepLabV3+, Mask R-CNN, and

Seg-Former. The results of landslide deformation area identification across these models

are illustrated in Figure 12, with quantitative evaluation metrics provided in Tables 4 and 5.
Both Figure 12 and Tables 4 and 5 show that Hybrid-SegUFormer outperforms the others
in both qualitative visual assessment and quantitative metrics.

Figure 12. Detection results of different detection models.

I TPEETN FP Il FN

©

(a) InSAR displacement velocity

map; (b) Ground truth label; (c¢) Hybrid-SegUFormer; (d) U-net; (e) DeepLabV3+; (f) Mask
R-CNN; (g) SegFormer.

Table 4. Evaluation metrics of Hybrid-SegUFormer across multiple runs.

Number Accuracy (%) Precision (%) Recall (%) 10U (%) F1 (%)

@ 98.79 81.78 78.39 66.74 80.05

® 98.71 80.39 78.95 66.20 79.66

©) 98.69 79.62 79.53 66.08 79.57

® 98.72 80.37 79.52 66.59 79.94

Average Value 98.73 80.54 79.10 66.40 79.81

Standard Deviation 0.04 0.90 0.54 0.31 0.23

Average Range 98.73 + 0.04 80.54 4+ 0.90 79.10 4+ 0.54 66.40 4+ 0.31 79.81 +0.23
Table 5. Evaluation metrics of Hybrid-SegUFormer and other models on the dataset.

Model Accuracy (%) Precision (%) Recall (%) 10U (%) F1 (%)
Hybrid-SegUFormer 98.79 81.78 79.52 66.74 80.05
U-net 98.65 75.89 82.52 65.38 79.06
DeepLabv3+ 98.66 78.25 78.56 64.48 78.40
Mask R-CNN 98.22 64.57 80.25 55.71 71.56
SegFormer 98.69 79.34 77.37 64.40 78.34
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To verify the stability of the proposed model, we conducted four independent training
experiments to obtain four distinct pre-trained weights. The corresponding performance
data and statistical metrics are summarized in Table 4. As shown, the deviations across
all evaluation indicators are minimal, indicating that the model consistently achieves
comparable performance across multiple runs. This experiment provides strong evidence
of the model’s stability and confirms that its performance improvement is reproducible
rather than incidental. Among these four trained versions, the model achieving the best
test performance was selected for comparison with other benchmark methods, as presented
in Table 5.

Comparative experimental analysis (Figure 12 and Table 5):

(1) Based on a comprehensive evaluation of metrics (Table 5), the proposed Hybrid-
SegUFormer achieves optimal overall performance, attaining the highest scores in accuracy
(98.79%), IoU (66.74%), precision (81.78%), and F1-score (80.05%), which reflects superior
detection precision, the lowest false positive rate, and an optimal balance between precision
and recall. Although U-Net exhibits a slightly higher recall (82.52%), its lower precision
may increase false alarms. Overall, Hybrid-SegUFormer outperforms other models in
accuracy, segmentation detail, and reliability.

(2) Both DeepLabv3+ and SegFormer exhibit considerable missed detections within
landslide deformation zones (blue-highlighted regions in Figure 12e,g), along with in-
adequate boundary localization precision. Their lower recall values further corroborate
these models’ limitations in effectively identifying positive samples. Architectural analysis
indicates that DeepLabv3+ suffers from progressive decay of critical semantic informa-
tion throughout the encoder—decoder process, largely due to the absence of an efficient
multi-scale feature fusion mechanism and explicit boundary modeling. This results in
distorted reconstructions of landslide spatial morphology. Although SegFormer lever-
ages a Transformer-based architecture to capture global contextual information, it remains
deficient in recovering fine-grained spatial details.

(3) Both U-Net and Mask R-CNN generate a significant number of false detections
in non-landslide areas (yellow-marked areas in Figure 12d,f), primarily stemming from
their insufficient ability to discriminate between background and target features. U-Net’s
symmetric encoder-decoder design lacks sufficient global contextual understanding, lead-
ing to frequent misclassification of spectrally similar background textures as landslides.
Meanwhile, Mask R-CNN, dependent on region proposal mechanisms and Rol-based
feature extraction, shows reduced sensitivity to landslides with ambiguous boundaries or
irregular geometries. This results in a pronounced increase in false positive rates under
noisy imaging conditions.

Meanwhile, we have also added comparative experiments to evaluate the computa-
tional costs of different models (Table 6). While the proposed Hybrid-SegUFormer has a
slower inference speed (125.27 ms) than lightweight models like U-Net and SegFormer,
it achieves a superior balance between performance and efficiency. Its parameter count
(12.55 M) and computational cost (32.56 G FLOPs) are significantly lower than those of
larger models like DeepLabV3+ and Mask R-CNN. This strategic trade-off is enabled by
its core design: a dual-branch hybrid encoder and an attention-guided multi-scale de-
coder. This architecture effectively captures richer multi-scale contextual features and
finer boundary details without excessive computational overhead. The result is substan-
tially improved segmentation accuracy and robustness in complex scenarios, affirming
Hybrid-SegUFormer’s advanced and well-balanced design.
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Table 6. Comparative analysis of model complexity and inference performance.

Targets Hybrid-SegUFormer U-net DeepLabv3+  Mask R-CNN  SegFormer
Params(M) 12.55 7.77 39.63 43.92 27.35
Flops(G) 32.56 13.75 164.12 133.92 16.77
Inference Time (Ms/Img) 125.27 74 105.54 84.14 18.04

4.4. Ablation Studies

To validate the contributions of individual modules in Hybrid-SegUFormer, ablation
studies demonstrate that the complete model (c) achieves the best overall balance, attain-
ing the highest scores in accuracy, recall, IoU, and F1. Notably, the F1-score reaches as
high as 80.05%, confirming that the synergistic effect of these three components achieves
the best overall performance balance. Although its precision is not the single highest
value, it remains well-balanced with recall. This indicates that the model produces fewer
false positives and missed detections in practical applications, making it more suitable
for robust recognition requirements in complex scenarios. The visualization results in
Figure 13 provide intuitive corroboration of the model’s advantage in reducing both false
detection phenomena.

I TPEETN

@) (b) © @ | 6 )

Figure 13. Ablation study results. (a) INSAR displacement velocity map; (b) Landslide label;
(c) Hybrid-SegUFormer; (d) w/o SegFormer encoder (using U-net encoder instead); (e) w/o MSD;
(f) w/o self-distillation; (g) w/o MSD and self-distillation.

The ablation study systematically analyzes the impact of each submodule in Hybrid-
SegUFormer on landslide deformation area identification, demonstrating that all mod-
ules effectively enhance performance (Table 7). Comparing Figure 13e (w/o MSD) with
Figure 13c (complete model) reveals that the MSD improves precision by 0.81 percentage
points to 81.78% while significantly reducing false detection areas, proving its effective-
ness in refining detailed segmentation. A comparison between configurations (c) and
(f) demonstrates the specific contribution of the self-distillation module. While recall re-
mains virtually unchanged (78.39% vs. 78.30%), removing this module causes a notable
precision decrease from 81.78% to 80.14%, ultimately reducing both F1-score (80.05% to
79.21%) and IoU (66.74% to 65.58%). This indicates that the self-distillation module primar-
ily enhances model performance by effectively suppressing false positives, thus playing a
crucial role in maintaining the optimal precision-recall balance in the complete model. The
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comparison between Figure 13g (w/0 MSD and self-distillation) and Figure 13e (w /o MSD)
shows that the self-distillation module increases recall from 75.33% to 77.64%, with visually
observable reductions in missed detection areas. This indicates its primary contribution
lies in enhancing model generalization and detection sensitivity for potential landslides to
reduce omissions, though it has a limited impact on precision improvement.

Table 7. Evaluation metrics for ablation study.

Submodule Evaluation Metrics
Figure Label ~ SegFormer Self- Accuracy  Precision 0 IoU F1
Encoder MSD Distill (%) )  Recall%) o (%)
(c) vV vV vV 98.79 81.78 78.39 66.74 80.05
(d) \/ \/ 98.74 81.49 76.87 65.44 79.11
(e) \/ \/ 98.74 80.97 77.64 65.54 79.18
(f) \/ \/ 98.73 80.14 78.30 65.58 79.21
(8) Vv 98.78 83.49 75.33 65.57 79.20

A further comparison between Figure 13c (complete model) and Figure 13d (U-Net
encoder replacing SegFormer) reveals that the model employing the SegFormer encoder
demonstrates significantly superior performance across all five evaluation metrics. Visually,
Figure 13c exhibits fewer false detections and missed identifications, along with more pre-
cise delineation of landslide boundaries. These observations collectively demonstrate that
the SegFormer encoder effectively enhances the model’s global contextual awareness, and
the most significant improvements in fine boundary delineation are attributed to the syner-
gistic interaction between the SegFormer encoder and our proposed decoder architecture.

It is noteworthy that when configured with only the SegFormer encoder (without
the MSD and self-distillation), the model achieves its highest precision of 83.49% (the
best among all configurations), demonstrating its extremely conservative prediction of
foreground areas and effective suppression of false positives. However, this configuration
shows suboptimal recall (75.33%) and IoU (65.57%), revealing significant missed detection
issues (false negatives). This reflects the model’s strong conservatism: it sacrifices detection
completeness in pursuit of high precision. Mechanistically, while SegFormer’s global
attention mechanism can abstract semantic information and suppress background noise
to reduce false alarms, the absence of boundary detail supplementation from the MSD
and feature enhancement for weak semantic regions through self-distillation results in the
model only recognizing the most prominent and definite landslide areas, consequently
exacerbating missed detections.

4.5. Evaluation of Multi-Scale Perception Capabilities Across Models

This section demonstrates Hybrid-SegUFormer’s multi-scale perception capability and
its advantages over comparative models. Models with robust multi-scale perception typi-
cally exhibit three key characteristics: (1) higher recall and F1-scores for small-scale targets;
(2) relative insensitivity of IoU metrics to target size variations; and (3) extensive spatial
distribution of true positive (TP) regions, indicating strong spatial consistency between
predictions and ground truth annotations. To quantitatively evaluate this capability, we se-
lected sample images from Figures 14 and 15, calculating recall, IoU, and Fl-scores for each
case. The corresponding quantitative results are systematically summarized in Tables 8-10.
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Figure 14. Detection images at different scales (groupl). (a) InNSAR displacement velocity
map; (b) Landslide ground truth; (c¢) Hybrid-SegUFormer; (d) U-net; (e) DeepLabV3+; (f) Mask
R-CNN; (g) SegFormer.
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Figure 15. Detection images at different scales (group2). (a) InSAR displacement velocity
map; (b) Landslide ground truth; (c¢) Hybrid-SegUFormer; (d) U-net; (e) DeepLabV3+; (f) Mask
R-CNN; (g) SegFormer.

Table 8. IoU range across scales (%) for Hybrid-SegUFormer and other models on the dataset.

Hybrid- Mask

Image SegUFormer U-net DeepLabV3+ R-CNN SegFormer
® 77.89 79.10 73.79 61.62 67.93
©) 76.28 71.98 68.27 60.13 62.02
® 70.90 67.30 45.87 45.47 58.90
Range 6.99 11.80 27.92 16.15 19.03
I 81.03 76.63 77.64 69.67 80.95
I 74.43 76.06 62.60 48.96 68.05
I 72.20 64.88 73.22 50.31 74.31
Range 8.83 11.75 15.04 20.71 12.90
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Table 9. Multi-scale recall comparison (%).

Hybrid- Mask
Image SegUFormer U-net DeepLabV3+ R-CNN SegFormer
® 83.44 91.69 85.05 81.48 57.26
@ 78.14 82.99 76.59 78.10 65.77
® 81.70 94.66 59.94 89.22 74.68
11 91.14 95.43 93.22 93.99 93.02
II 79.10 89.11 77.34 78.18 77.56
I 86.87 93.71 90.47 87.10 87.41
Table 10. Multi-scale Fl-score comparison (%).
Hybrid- Mask
Image SegUFormer U-net DeepLabV3+ R-CNN SegFormer
® 87.57 88.33 84.92 76.25 62.95
©) 86.55 83.71 81.15 75.10 76.56
@ 82.97 67.30 62.90 62.51 72.53
I 89.52 86.77 87.41 82.12 89.47
I 85.34 86.40 62.60 65.73 80.99
I 83.85 78.70 84.54 66.94 85.26

In the evaluation of IoU metrics (Table 8), all models exhibited performance degra-
dation as target scales decreased, but with markedly different attenuation magnitudes.
Hybrid-SegUFormer demonstrated significantly lower total IoU attenuation (6.99% and
8.83% respectively) compared to benchmark models: U-Net (11.80%/11.75%), DeepLabV3+
(27.92%/15.04%), Mask R-CNN (16.15%/20.71%), and SegFormer (19.03%/12.90%). These
results indicate that Hybrid-SegUFormer maintains superior stability and robustness across
scales, exhibiting more effective adaptation to varying landslide sizes while preserving
higher segmentation accuracy for small targets—a compelling validation of its multi-scale
fusion architecture’s efficacy.

The recall analysis (Table 9) reveals significant disparities among models in detecting
small targets (Image (D). While U-Net demonstrates high sensitivity to small targets with
a 94.66% recall rate, its substantially degraded IoU and Fl-scores indicate that this high
recall comes at the cost of significant false positives. In contrast, Hybrid-SegUFormer
maintains a balanced detection capability, achieving both considerable recall (81.70%) and
segmentation accuracy (IoU/F1). DeepLabV3+ (59.94%) and SegFormer (74.68%), however,
show markedly lower recall rates for small targets, reflecting their inadequate recognition
capacity for small-scale landslide areas.

The Fl-score effectively balances recall and precision. Hybrid-SegUFormer maintains
consistently high Fl-scores across all scales (peaking at 89.52% with a minimum of 82.97%,
Table 10), demonstrating minimal performance decline and superior overall capability for
multi-scale target recognition. In contrast, while U-Net achieves higher recall rates (Table 9),
its F1-score drops to 67.30% on Image (1), indicating significant false positive issues with
small targets. SegFormer, although showing less F1-score degradation, has generally lower
absolute values (Table 10), highlighting the inherent limitations of single-scale architectures
in managing target size variability.

By integrating these analyses (Tables 8-10), this study systematically compares Hybrid-
SegUFormer with benchmark models (U-Net, DeepLabV3+, Mask R-CNN, SegFormer)
across multiple scales using IoU, recall, and F1 metrics. It conclusively validates Hybrid-
SegUFormer’s superior multi-scale perception capability. The proposed model not only
achieves outstanding performance across all target scales but also strikes an optimal balance
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between precision and recall, effectively addressing the critical limitations of comparative
models in handling varying target sizes.

4.6. Ablation Study on Multi-Scale Perception Capabilities

To systematically evaluate the multi-scale perception capability of the proposed
Hybrid-SegUFormer in detecting landslide deformation areas, a comparative ablation
experiment was conducted with a focus on the multi-scale decoder module. The exper-
iment utilized 20 landslide deformation velocity maps, comprising 10 large-scale and
10 small-scale images, to comprehensively assess performance across varying spatial ex-
tents. For each image, the IoU, recall, and F1-score were calculated, and the average values
for each scale category were summarized to provide a robust statistical comparison, as
presented in Tables 11-13. This multi-faceted evaluation with aggregated metrics verifies
that the performance enhancement of the proposed model in multi-scale perception is not
occasional or limited to specific cases.

Table 11. IMulti-scale IoU comparison of Hybrid-SegUFormer with or without the self-distillation module

Image Hybrid-SegUFormer w/o Self-Distillation
Big Scale 77.57 76.95
Small Scale 75.21 73.87
Range 2.36 3.08

Table 12. Recall range across scales (%) for different models.

Image Hybrid-SegUFormer w/o Self-Distillation
Big Scale 89.13 90.30
Small Scale 84.85 88.47
Range 4.28 1.83

Table 13. F1 range across scales (%) for different models.

Image Hybrid-SegUFormer w/o Self-Distillation
Big Scale 87.34 86.93
Small Scale 85.72 84.31
Range 1.62 2.62

The results in Table 11 (IoU across scales) demonstrate the model’s stability. The
complete Hybrid-SegUFormer model exhibits a smaller performance range (2.36%) between
large and small scales compared to the variant without the multi-scale decoder (3.08%) in
the first set, indicating superior scale robustness.

Analysis of Table 12 (recall across scales) reveals a nuanced role of the multi-scale
decoder. In the first set, the complete model achieves lower recall on both large (89.13%)
and small scales (84.85%) compared to the ablated version. This indicates that the multi-
scale decoder’s primary contribution is not necessarily to increase raw detection sensitivity
but potentially to refine the quality of detections.

The data in Table 13 (F1-score across scales) provides the most critical insight into
overall performance. The complete Hybrid-SegUFormer achieves higher Fl-scores on both
large (87.34%) and small (85.72%) scales than its counterpart, alongside a smaller perfor-
mance range between scales (1.62% vs. 2.62%). This conclusively demonstrates that the
integration of the multi-scale decoder enhances the model’s comprehensive performance
and ensures more consistent and reliable detection across diverse spatial scales.

221



Remote Sens. 2025, 17, 3514

In summary, the ablation study confirms that while the multi-scale decoder may not
uniformly boost individual metrics like recall, it plays an indispensable role in achieving a
superior balance between precision and recall. This is evidenced by the higher and more
stable F1-scores across scales, validating its effectiveness in enabling robust multi-scale
landslide detection. The synergistic integration of the multi-scale decoder is thus crucial for
handling the complex multi-scale characteristics inherent in landslide deformation areas.

4.7. Model Transferability Validation

To evaluate the generalization capability of the Hybrid-SegUFormer model, the pre-
trained model was transferred to Study Area II (the Baige-Tangge section of the Jinsha
River), which is geographically distant from the original training area. The landslide defor-
mation area identification results based on the Hybrid-SegUFormer model are presented in
Figure 16 and Table 14.

Figure 16. Partial identification of migrated dataset compared with the true value. (a) Ground truth
of the test dataset, (b) Prediction part of the test dataset.

Table 14. Evaluation metrics for different detection models.

Model Accuracy (%) Precision (%) Recall (%) 10U (%) F1 (%)
Hybrid-SegUFormer 98.92 89.81 75.42 69.47 81.99
U-net 98.90 88.15 76.47 69.34 81.89
DeepLabv3+ 98.85 90.87 71.94 67.09 80.31
Mask R-CNN 98.84 87.91 74.59 67.66 80.71
SegFormer 98.45 87.88 60.76 56.06 71.84

The training results and statistical metrics of the proposed model over four inde-
pendent runs are summarized in Table 15 below. As observed, although certain training
iterations exhibited a slight decline in overall performance, the variations among different
runs remain minor. These consistent outcomes substantiate the stability and robustness of
the proposed model, indicating that its performance is not sensitive to random initialization
or training variations.
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Table 15. Multiple-run parameters and statistical parameters of Hybrid-SegUFormer.

Number Accuracy (%) Precision (%) Recall (%) 10U (%) F1 (%)

® 98.92 89.81 75.42 69.47 81.99

©) 98.90 88.00 76.68 69.42 81.95

® 98.85 88.11 75.12 68.21 81.10

® 98.90 88.33 76.64 69.59 82.07

Average Value 98.89 88.56 75.97 69.17 81.78

Standard Deviation 0.03 0.84 0.81 0.65 0.45

Average Range 98.89 £+ 0.03 88.56 4 0.84 75.97 £+ 0.81 69.17 &+ 0.65 81.78 + 0.45

Evaluation results on the newly migrated landslide dataset (Table 13) demonstrate
Hybrid-SegUFormer’s significant advantages: it achieves top performance in both IoU
(69.47%) and F1-score (81.99%), surpassing classical models U-Net (IoU 69.34%, F1 81.89%)
and DeepLabV3+ (IoU 67.09%, F1 80.31%). Notably, compared to the widely used Trans-
former model SegFormer (IoU 56.06%, F1 71.84%), Hybrid-SegUFormer shows remarkable
improvements of 13.41% in IoU and 10.15% in F1-score, highlighting its exceptional gen-
eralization capability. Furthermore, the model maintains an optimal balance between
precision (89.81%) and recall (75.42%), indicating more balanced control over false posi-
tives and missed detections. These comprehensive metrics conclusively validate Hybrid-
SegUFormer’s effectiveness and robustness for transferred landslide recognition tasks.

4.8. Exclusion of Non-Landslide Deformation Areas Based on Auxiliary Data

In landslide deformation area identification, study areas often contain various non-
landslide surface disturbance sources (such as agricultural activities, seasonal vegetation
variations, construction activities, and radar geometric distortions), which can easily lead to
misinterpretations. To improve identification accuracy and practical utility, this study uses a
systematic procedure for removing non-landslide deformation areas based on multi-source
auxiliary data, after initially extracting prominent landslide deformation regions using
Hybrid-SegUFormer. The specific steps of this procedure include the following: () com-
bining land cover data to exclude human-disturbed areas such as permanent croplands,
water bodies, and construction zones; ) incorporating NDVI (Normalized Difference
Vegetation Index) data to exclude regions with high vegetation coverage (threshold greater
than 0.5), thereby reducing false deformation signals caused by normal seasonal vegetation
changes or forest dynamics; () using radar geometric distortion data to identify and ex-
clude observation-unreliable areas such as layover and shadow zones; and finally, applying
slope information to filter out areas with excessively gentle slopes, minimizing false alarms
due to insufficient topographic relief. This systematic elimination strategy reduces the
proportion of false landslide deformation areas, significantly decreases misjudgments,
and provides crucial data preprocessing support for building a highly reliable automated
monitoring system for geological hazards.

Before implementing the aforementioned filtering procedures, the patch-based pre-
dictions generated by the Hybrid-SegUFormer model are first mosaicked into large-scale
GeoTIFF images with precise geospatial coordinates (as illustrated in Figure 17). This
critical preprocessing step establishes the foundation for subsequent multi-source data
spatial registration and overlay analysis.

The Python script was then employed to extract white significant deformation areas
from the landslide mask and convert them into Shapefile format for ArcGIS 10.8 integration.
We run the script in Python 3.11. Subsequently, multi-source auxiliary data were incor-
porated to eliminate non-significant deformation areas through the editing of Shapefile
attributes, with the refined results presented in Figure 18.
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B Reserved Landslip Area [_] Excluded Landslip Area

Figure 18. Results before/after non-landslide deformation area excluded.

5. Discussion

This study addresses the challenges of multi-scale target perception, boundary detail
restoration, and insufficient model generalization performance in the detection of landslide
InSAR Deformation areas. We propose the Hybrid-SegUFormer model, which integrates a
SegFormer encoder, a U-Net decoder structure, an MSD, and a self-distillation mechanism.
Through systematic experimental validation, Hybrid-SegUFormer demonstrates superior
performance in complex landslide scenarios, and an in-depth analysis of its advantages
is provided.
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5.1. Superiority of Model Performance

Comparative experiments with mainstream semantic segmentation models (U-Net,
DeepLabV3+, Mask R-CNN, SegFormer) show that Hybrid-SegUFormer performs excel-
lently in both qualitative and quantitative evaluations. Specifically, DeepLabV3+ and
SegFormer exhibit significant missed detections and boundary localization deviations; U-
Net and Mask R-CNN suffer from high false detection rates due to insufficient background
discrimination ability. In contrast, Hybrid-SegUFormer effectively balances missed and
false detections through its hybrid architecture, achieving more accurate identification of
landslide deformation areas and boundary characterization. This capability offers essen-
tial geometric parameters for volume estimation and kinematic analysis, thereby greatly
improving the utility of INSAR data in landslide risk assessment.

5.2. Synergistic Contribution of Core Modules

Ablation studies quantify the contribution of each module to the model’s performance.
The full model (F1: 80.05%) achieves the best overall balance, attaining the highest scores in
accuracy, recall, IoU, and F1, verifying the importance of the synergistic effects of the Seg-
Former encoder, MSD, and self-distillation module. Among them, the SegFormer encoder
significantly enhances the model’s global context modeling capability and generalization
performance; the MSD effectively improves the segmentation precision of detailed regions
(especially boundaries); the self-distillation module strengthens the model’s generalization
ability and detection sensitivity to potential landslide areas, effectively reducing the missed
detection rate. The three together form a “global-local-knowledge distillation” closed-loop
optimization, breaking through the performance limitations of individual modules.

5.3. Exceptional Multi-Scale Perception Ability

The experimental results demonstrate Hybrid-SegUFormer’s competent multi-scale
perception capability for landslide detection. While all models showed performance degra-
dation with decreasing target scales, Hybrid-SegUFormer exhibited relatively attenuated
performance reduction (IoU range: 6.99-8.83% versus 11.80-27.92% in benchmarks), indicat-
ing better scale adaptability. The model maintains a balance between detection sensitivity
and accuracy, achieving reasonable recall (81.70% for small targets) while avoiding the
significant false positive issues observed in U-Net. The ablation study further reveals that
the multi-scale decoder contributes to performance stability across scales (F1-range: 1.62%
versus 2.62% without decoder), though its impact varies across different metrics. These
consistent results across multiple evaluation metrics suggest that Hybrid-SegUFormer’s
architecture effectively addresses scale variance challenges in landslide detection tasks.

5.4. Validation of Model Transferability

Evaluation results on the newly constructed transfer landslide dataset demonstrate
that Hybrid-SegUFormer exhibits exceptional cross-regional recognition capability. It out-
performs all comparison models in two key metrics: Intersection over Union (IoU: 69.47%)
and Fl-score (81.99%). Particularly when compared to the SegFormer model, it achieves
significant improvements (13.41% increase in IoU and 10.15% increase in F1-score). Fur-
thermore, the model maintains an excellent balance between precision (89.81%) and recall
(75.42%), indicating more balanced control over false positives and missed detections for
landslide targets. These results strongly validate the effectiveness and robustness of the
model in transfer landslide identification tasks. This generalization ability can reduce
dependency on extensive, region-specific data collection, thereby accelerating large-scale
regional landslide screening and geohazard assessment.
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5.5. Comparative Analysis with Related Studies

Compared to related studies, the innovations and distinctive features of this model are
mainly reflected in three aspects: In terms of architectural fusion, it creatively combines the
SegFormer’s advantages in global long-range context modeling with the U-Net decoder’s
ability to restore fine-grained local features; in module enhancement, the introduction
of the MSD significantly improves perception ability for multi-scale landslide areas in
complex terrain, and the self-distillation mechanism further enhances boundary precision
and model robustness; in multi-source information utilization, it effectively integrates
multi-source auxiliary data (geometric distortion, terrain slope, NDVI, land use type), and
by incorporating non-visual prior information, it accurately filters out non-landslide areas,
significantly reducing the false detection rate and improving the reliability and practicality
of the results.

5.6. Limitations and Future Work

While Hybrid-SegUFormer demonstrates strong multi-scale perception and cross-
regional transferability, several limitations persist. First, the model’s performance remains
constrained by input data quality, including SAR coherence/resolution and DEM accuracy,
where poor-quality inputs in rugged terrain can introduce artifacts and reduce boundary
precision. Second, detection challenges remain for small, elongated, or blurry-boundary
landslides due to Transformers’ local detail constraints, error propagation in self-distillation,
and inherent INSAR resolution limits. Finally, the lack of comprehensive ground-truth vali-
dation in truly unseen regions hinders the precise quantification of operational performance
in new geological settings.

Based on these limitations, our future work will pursue three key directions: (1) opti-
mizing the model through lightweight Transformers and boundary-focused loss functions
to enhance efficiency and detail capture; (2) rigorously validating generalization capability
across diverse terrains and data qualities; (3) advancing transfer learning techniques while
initiating field campaigns for ground-truth collection, ultimately bridging the gap toward
operational landslide monitoring systems; (4) integrating multi-source data (e.g., LIDAR-
derived topography and SAR coherence) to enhance feature discrimination and improve
model robustness against vegetation, shadows, and complex terrain.

6. Conclusions

Hybrid-SegUFormer is proposed to address the challenges of multi-scale target percep-
tion, inadequate recovery of boundary details, and limited generalization capability in the
identification of landslide INSAR deformation areas. The model integrates a SegFormer en-
coder, a U-Net-based decoder, a multi-scale feature decoding module, and a self-distillation
mechanism. Through systematic experiments and comprehensive evaluation, the following
key conclusions are drawn:

(1) Comprehensive evaluation demonstrated that Hybrid-SegUFormer achieves state-
of-the-art performance in landslide deformation area identification, outperforming bench-
mark models (U-Net, DeepLabV3+, Mask R-CNN, SegFormer) across key metrics, including
accuracy (98.79%), IoU (66.74%), and F1-score (80.05%). While maintaining reasonable
computational efficiency, the model effectively addresses critical limitations observed in
comparative approaches: reducing false detections through enhanced global context under-
standing, improving boundary precision via multi-scale feature fusion, and maintaining ro-
bust performance across multiple training runs. The results confirm Hybrid-SegUFormer’s
superior capability in balancing segmentation accuracy, operational efficiency, and opera-
tional stability for complex landslide detection tasks.

226



Remote Sens. 2025, 17, 3514

(2) Ablation studies confirm that the complete Hybrid-SegUFormer achieves optimal
performance balance (Fl-score: 80.05%) through synergistic module integration. The
multi-scale decoder enhances precision (81.78%) and reduces false detections, while the
self-distillation module effectively suppresses false positives and maintains precision-recall
balance. The SegFormer encoder provides superior global contextual awareness, though
its standalone use yields high precision (83.49%) at the cost of significantly reduced recall
(75.33%). These findings demonstrated that the architectural components collectively
address both boundary precision and detection sensitivity, with their integration being
crucial for robust landslide identification.

(8) Comprehensive evaluations demonstrated Hybrid-SegUFormer’s superior multi-
scale perception capability, showing significantly smaller IoU degradation across scales
(6.99-8.83%) compared to benchmark models (11.80-27.92%). While maintaining balanced
recall-precision trade-offs, the model achieves consistently high F1-scores (82.97-89.52%)
across all target sizes. Ablation studies further confirm the multi-scale decoder’s crucial
role in enhancing performance stability, yielding improved F1-scores (85.72-87.34%) and
reduced performance variance (1.62% range) across scales. These results collectively
validate the architecture’s effectiveness in handling scale variations while maintaining
robust detection accuracy for landslide identification tasks.

(4) Evaluation results on a transferred landslide dataset indicate that Hybrid-
SegUFormer possesses strong cross-regional recognition capability. Its IoU and F1-score are
significantly higher than those of comparative models, demonstrating that the model can ef-
fectively adapt to different geographical environments and data distributions, highlighting
its considerable practical value and potential for broad application.
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Highlights

What are the main findings?

e We introduce JSPSR, a depth completion approach for real-world digital elevation
model (DEM) super-resolution problems, and demonstrated that it is able to enhance
global DEMs by accurately predicting ground terrain elevation at fine spatial resolution,
including correction for surface features.

e JSPSR was used to predict elevation at 3 m and 8 m spatial resolution from globally-
available 30 m Copernicus GLO-30 DEM data and aerial guidance imagery, achieving
superior performance to other methods (~1.05 m RMSE, up to a ~72% improvement on
GLO30 and ~18% improvement on FathomDEM), at lower computational cost (over
4 x faster than EDSR).

What is the implication of the main finding?

¢ Studies which require high-accuracy ground terrain elevation, e.g., flood risk assessment,
may utilise JSPSR to enhance global elevation data such as the Copernicus GLO30 DEM,
especially where airborne data such as LiDAR are unavailable.

¢ The high accuracy and low computational cost of JSPSR opens the possibility to create
an open-access fine spatial resolution global elevation model with good accuracy.

Abstract

(1) Background: Digital Elevation Models (DEMs) encompass digital bare earth surface
representations that are essential for spatial data analysis, such as hydrological and geo-
logical modelling, as well as for other applications, such as agriculture and environmental
management. However, available bare-earth DEMs can have limited coverage or acces-
sibility. Moreover, the majority of available global DEMs have lower spatial resolutions
(~30-90 m) and contain errors introduced by surface features such as buildings and vege-
tation. (2) Methods: This research presents an innovative method to convert global DEMs
to bare-earth DEMs while enhancing their spatial resolution as measured by the improved
vertical accuracy of each pixel, combined with reduced pixel size. We propose the Joint
Spatial Propagation Super-Resolution network (JSPSR), which integrates Guided Image
Filtering (GIF) and Spatial Propagation Network (SPN). By leveraging guidance features
extracted from remote sensing images with or without auxiliary spatial data, our method
can correct elevation errors and enhance the spatial resolution of DEMs. We developed
a dataset for real-world bare-earth DEM Super-Resolution (SR) problems in low-relief
areas utilising open-access data. Experiments were conducted on the dataset using JSPSR
and other methods to predict 3 m and 8 m spatial resolution DEMs from 30 m spatial
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resolution Copernicus GLO-30 DEMs. (3) Results: JSPSR improved prediction accuracy
by 71.74% on Root Mean Squared Error (RMSE) and reconstruction quality by 22.9% on
Peak Signal-to-Noise Ratio (PSNR) compared to bicubic interpolated GLO-30 DEMs, and
achieves 56.03% and 13.8% improvement on the same items against a baseline Single Image
Super Resolution (SISR) method. Overall RMSE was 1.06 m at 8 m spatial resolution and
1.1 m at 3 m, compared to 3.8 m for GLO-30, 1.8 m for FABDEM and 1.3 m for FathomDEM,
at either resolution. (4) Conclusions: JSPSR outperforms other methods in bare-earth DEM
super-resolution tasks, with improved elevation accuracy compared to other state-of-the-art
globally available datasets.

Keywords: digital elevation model; single image super-resolution; depth completion; deep
learning; guided image filtering; spatial propagation network

1. Introduction

Digital Elevation Models (DEMs) encode and represent topographic elevation data in
raster format, which are fundamental for the analysis of earth surface characteristics and
the computational representation and quantification of natural events [1]. Nevertheless,
the spatial resolution and vertical accuracy of DEMs could significantly influence the
reliability of derived outputs, such as in the modelling of surface water flows [2], including
flood risk assessment and flood prediction [3]. In some cases, due to the presence of surface
artefacts in the data, the inundation extent may be under- [4] or over-predicted [5]. Previous
studies demonstrated how the use of global DEMs in urban flood risk assessment may
consistently lead to an overestimation of predicted flood extent and its associated potential
damages [3,5].

Large-scale elevation data are generally acquired through satellite-based remote sens-
ing platforms. Interferometric Synthetic Aperture Radar (InSAR) has been used to pro-
duce freely available global data (or nearly global) DEM products with coarse resolu-
tion (~1 arcsecond, approximately 30 m at the equator) and vertical accuracy of several
metres [6]. More accurately, these products represent approximate DSMs (Digital Surface
Models) owing to variable signal penetration characteristics in vegetated areas [7]. Global
commercial elevation data are also available, including Airbus’s WorldDEM Neo prod-
uct, at a spatial resolution of 5 m and a specified vertical accuracy of 1.4 m, and Maxar’s
Precision3D elevation product, which was generated using stereophotogrammetric tech-
niques [8], at a spatial resolution of 0.5 m and a specified vertical accuracy of 3 m.

For local or regional studies, airborne Light Detection and Ranging (LiDAR) systems
have emerged as a preferred methodology for generating bare-earth DEMs, namely Digital
Terrain Models (DTMs), delivering sub-meter resolution and centimetre-grade vertical
accuracy [9]. However, the limited geographical coverage of LIDAR data, particularly in
developing regions or sparsely populated areas, and its high acquisition cost, necessitate
reliance on coarser spatial resolution global DEM datasets with lower vertical accuracy,
thereby reducing the accuracy of analyses that rely on these data. Thus, there is a need for
freely available, fine spatial resolution, high-accuracy DTMs at a global scale [10].

One of the most accurate open-access global DEM products available [11] is the Coper-
nicus GLO-30 [12] (COP30) DEM dataset. It is derived from TanDEM-X InSAR and provides
~1 arc-second spatial resolution. To improve its accuracy, research efforts have focused
on converting the elevation into DTMs, exemplified by FABDEM [13], which was created
utilising a random forest machine learning algorithm to estimate bare-earth elevations by
excluding vegetation and anthropogenic structures. A later iteration, FathomDEM [14],
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was developed by incorporating advanced deep learning architectures, including attention
mechanisms and vision transformers [15], yielding DTMs with enhanced accuracy. Those
data are underpinning recent research to predict floods on a global scale at a ~30 m spatial
resolution [16], with flood model accuracy assessed as the highest among several DEM
alternatives [4] by using FABDEM.

However, as shown by Meadows et al. [6] in their accuracy assessment of global
elevation datasets, there remains room for improvement with the overall vertical error in
FABDEM assessed as 2.62 m Root Mean Square Error (RMSE), the most accurate of six
alternatives, but varying between 0.81 m (herbacious wetlands) to 3.75 m (tree cover) for
different land cover categories, and between 1.72 m (0-1°) to 5.65 m (>25°) for different
slope categories. The overall RMSE of FathomDEM is 1.67 m, with a range between 0.62 m
(0-1° slopes) to 12.78 m (>40° slopes) [14]. These figures are considerably higher than the
vertical accuracy target of 0.5 m suggested by Schumann and Bates [17] in their call for
developing a high-accuracy, open-access global DTM. Furthermore, it should be noted
that both FABDEM and FathomDEM are openly available only for non-commercial use
under a share-alike licence (CC BY-NC-5A 4.0), which presents a potential barrier to use in,
for example, climate impact assessments conducted by NGOs.

Recently, several studies have explored different Super-Resolution (SR) methodologies
to bridge the gap between the growing demand for high-resolution DEMs and exist-
ing low-resolution global DEMs. The use of SR techniques allows the reconstruction of
high-resolution DEMs from low-resolution global datasets, leveraging readily available
computing resources instead of expensive remote sensing surveys. It is important to note
that, as defined by Guth et al. [7], the spatial resolution is the “horizontal dimensions of
the smallest feature detectable by the sensor and modified after the gridding procedure”.
Therefore, SR methods must increase the amount of information present within the data,
rather than only reducing the pixel size. Further, the pixel size of the source elevation data
is usually smaller than the spatial resolution due to oversampling to ensure that actual
spatial resolution is not lost [7]. Consequently, we note that SR techniques are starting
from an unknown but larger actual spatial resolution than the pixel size of the original
source data.

As described in detail by Fisher & Tate [18], errors in DEMs result from a combination
of sources, including instrument errors (i.e., resulting from the sensor or scanning system),
geometry-induced errors (i.e., resulting from the conversion of a continuous elevation
surface into a grid of discrete cells with a certain numerical precision), and errors introduced
by the environment (e.g., vegetation, buildings and any other above-surface feature).
The final vertical accuracy of the DEM will comprise a combination of each of these error
sources. For geometry-induced errors, these are deterministic and can be expected to
increase with slope and pixel size. Thus, reducing the pixel size through SR provides
the opportunity to reduce these errors, if the underlying pixels closely follow the actual
terrain, although our focus is on areas of low-relief where they will be lowest. Instrument
and environmental errors are more randomised and are the primary target of the error
corrections presented in this paper.

In general, DEM SR originates from Single Image Super-Resolution (SISR), a funda-
mental low-level computer vision challenge that focuses on enhancing image resolution
primarily through the use of interpolation algorithms and deep learning. SISR approaches
can be applied in DEM SR tasks to reconstruct high-resolution DEMs from low-resolution
DEMs since DEMs are also images in terms of representation format. The emergence
of Super-Resolution Convolutional Neural Networks (SRCNNSs) [19], in 2014, enabled
deep learning to become the predominant approach for SISR tasks. This advancement
prompted the adaptation of SISR-derived methodologies for DEM SR applications, as re-
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ported by [20-22], who generated high-resolution DEMs using SISR-derived approaches.
Nevertheless, little research (e.g., [23]) has been developed towards real-world DEM SR
problems, as it is common for the majority of DEM SR developments to employ synthet-
ically degraded datasets for model training and validation, potentially compromising
performance in practical applications involving authentic DEM data [23]. Further, in the
absence of additional guidance data, SISR algorithms may not improve the actual spatial
resolution but rather only reduce the pixel size.

In addition to the above, there is the depth completion [24] approach, which utilises
the corresponding RGB image to guide neural networks in predicting a dense depth map
from the input sparse depth map. Since both DEMs and depth maps represent three-
dimensional information, assuming that low spatial resolution DEMs are sparse depth map
samples and that high spatial resolution DEMs are dense depth map ground truth, the use
of depth completion approaches to solve DEM SR problems can be considered a reasonable
research hypothesis.

Motivated by the above understanding, the research presented in this paper inves-
tigated real-world DEM SR problems, leveraging approaches for sparse-to-dense depth
completion problems. Our primary aim was to develop the proposed Joint Spatial Propaga-
tion Super-Resolution networks (JSPSRs) for real-world DEM SR prediction with correction
for surface features, utilising globally available spatially coarse elevation data supported by
high-resolution guidance data (e.g., RGB aerial imagery). JSPSR leverages remote sensing
image guidance (with or without optional spatial data guidance) through depth comple-
tion derived techniques, specifically deep Guided Image Filtering (GIF) and non-local
Spatial Propagation Networks (SPN). The deep GIF mechanism enhances multi-modal
feature fusion capabilities, while the non-local SPN architecture optimises learnable spatial
propagation parameters to refine high-frequency information with guidance features in
a non-local manner, resulting in high-resolution DTM predictions. Thus, in the work
presented here, our aim was to both reduce the pixel size and increase the actual spatial
resolution, through inclusion of information from high-resolution aerial imagery.

To substantiate the proposed networks, we developed a ready-to-analyse dataset in
low-relief areas, which serves as a reference for the comparative assessment of DEM SR
methods. We proposed a relative elevation log-min-max data scale method, which involves
logarithmic transformation, min—max scaling, and 0-based elevation shifting, to mitigate
the distribution flaw of the dataset where the elevation is skewed toward zero due to
low-relief terrain. By implementing the above proposed networks, dataset, and data scale
method, along with the subsidiary common components, a deep learning training and
evaluation framework was established for real-world DEM SR tasks. Code is available at
https://github.com/xandercai/JSPSR, accessed on 15 September 2025.

2. Related Work

In the following section, we provide a brief introduction to existing DEM SR ap-
proaches and depth completion approaches adopted in this work. DEM SR aims to im-
prove low spatial resolution DEMs by estimating unknown elevation values based on
known elevation locations [25]. The primary approach is Single Image Super-Resolution
(SISR), a process designed to reconstruct an image to enhance its quality in terms of size or
resolution [26]. Another potential approach is depth completion, a subdomain within the
depth estimation field that aims to predict a dense, pixel-wise depth map from a highly
sparse depth map captured by depth sensors (e.g., LIDARs) [27].

Traditional SISR approaches, such as bilinear [28] and bicubic [29] interpolation, are
widely deployed due to their low cost and high efficiency. However, learning-based meth-
ods have become the mainstream for SISR, given their superior performance. Beginning
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with SRCNN [19], which reconstructs SR predictions utilising two convolutional layers
and three rectified linear unit (ReLU) activation layers, many SR networks were pro-
posed, including residual networks (e.g., EDSR [30]), recursive networks (e.g., DRCN [31]),
attention-based networks (e.g., RCAN [32]), and generative adversarial networks (GANs)
(e.g., SRGAN [33]). Additional applications of these networks have been implemented for
other objects, such as videos and higher-dimensional data, including DEMs [34].

Learning-based SISR approaches applied to DEM SR tasks [20,35,36] have demon-
strated superior performance compared to conventional spatial interpolation algorithms,
particularly those using Generative Adversarial Networks (GANs) [37,38], which produce
improved visual quality. To avoid relying solely on low-resolution DEMs, recent studies
have incorporated multi-modal data, such as remote sensing imagery, to extract supple-
mentary information and enhance performance. Argudo et al. [39] pioneered the use of
additional remote sensing images for DEM SR, utilising a two-branch Fully Convolutional
Network (FCN) to fuse multi-modal features. Xu et al. [40] applied transfer learning to
leverage weights pre-trained on remote sensing images during DEM SR network training.
ELSR [22] employed ensemble learning to aggregate features from diverse geographical
zones, while DSMSR [41] adopted a GAN-based architecture that jointly processes remote
sensing imagery and low-resolution DEMs. MTF-SR [42] further optimised output quality
by incorporating terrain features derived from DEMs during network training. Despite
advancements, these methods still face a critical limitation of relying on synthetically
degraded DEMs rather than real-world low-resolution data. Wu et al. [23] attempted
to address this gap by using SRGAN on a hybrid dataset that combines freely available
and commercial DEMs, revealing that the inherent disparities between synthetic data and
real-world DEMs lead to degraded performance when applying SISR methods to actual
low-resolution DEMs.

Depth completion methodologies can be categorised into unguided and image-guided
approaches. When processing severely sparse depth maps that lack substantial structural
information (e.g., textures and edges), image-guided methods can achieve better perfor-
mance by extracting complementary information from RGB image data, thereby becoming
the predominant and preferred approach for depth completion problems. The network
architectures of image-guided method frameworks can be split into three major compo-
nents: encoder, decoder and refiner. The implementation of the major parts is diverse.
Some of them extract a type of features (e.g., image features or depth map features) us-
ing a dedicated encoding branch and fuse features at the intermediate layers between
these encoding branches for optimal efficiency purposes, namely “late fusion” [27] mode,
such as GuideNet [43] and LRRU [44]. The theoretical underpinning of the late fusion is
Guided Image Filtering (GIF) [45] or joint image filtering [46] methods. The rest of the
implementations, relying on the superior capacity of the large-scale backbone networks,
fuse the multi-modal feature from the first one or two layers by concatenation, namely,
“early fusion” [27] mode, such as PENet [47], DySPN [48], CompletionFormer [49]. Both
early fusion and late fusion modes can achieve the existing state-of-the-art performance
under applicable scenarios.

The Spatial Propagation Network (SPN) [50] is used in depth estimation to iteratively
update the outputs of a regression network by aggregating reference and neighbouring
pixels. By doing this, the depth mixing problem (blur effect and distortion of prediction
object boundaries) can be effectively alleviated. Many series of SPNs have been developed
and adopted as a refiner for the networks [47,48,51-54]. The original method proposed for
SPN [55] consisted of a series of pixel updates, in which each pixel is updated by three
adjacent pixels from the previous row or column. The serial update process is performed
in four directions individually, and the results are combined by max-pooling. To make
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the update process more efficient, Cheng et al. [55] proposed the Convolutional Spatial
Propagation Network (CSPN), which updates all pixels simultaneously within a fixed local
neighbourhood. However, the fixed-local neighbourhood implementation can introduce
irrelevant pixels (i.e., pixels that do not belong to the same category). Then this issue
has been addressed by the introduction of CSPN++ [56], which enables the combination
of results obtained using different kernel sizes to reduce the impact of irrelevant pixels.
DSPN [48] and NLSPN [53] are methods that allow for predicting a pixel by learning
the offsets to the pixel in the non-local neighbourhood. DSPN obtains kernel weights
by calculating the similarity between features, while NLSPN learns them via its neural
networks. Furthermore, LRRU [44] proposes a lightweight NLSPN variant based on
DKN [57] that directly utilises sparse depth maps as input reference features that benefit
the utilisation of high-frequency information.

3. Materials and Methods

Exploiting the strengths of depth completion methods in multi-modal fusion and
non-local pixel-wise refinement, we propose the Joint Spatial Propagation Super-Resolution
networks (JSPSRs) to address the limitations of existing real-world DEM SR. The outline
of DEM SR methods is shown in Figure 1. Unlike Single Image Super-Resolution (SISR)
approaches, as shown in Figure 1a, which directly predict unknown content based on
the input data without any assisting information, JSPSR leverages guidance data, such as
remote sensing imagery, to enrich the information for estimation, as shown in Figure 1b.
Besides the Guided Image Filtering (GIF) architecture in the JSPSR backbone for multi-
modal data fusion, a key distinction from SISR-derived methods is that JSPSR incorporates a
non-local Spatial Propagation Network (SPN), which reduces errors caused by mismatches
between target data (input low-resolution DSM) and ground truth DTM data or other
spatial inputs. Supported by further information from the guidance features and the SPN
refinement, JSPSR has the potential to outperform DEM-only approaches on real-world
DEM SR tasks.

== Target data
i == Guidance data :
i == Prediction

T == Backbone
' (a) SISR-derived method | = SPN
L \\\‘\
| (b) JSPSR

Figure 1. Outline of SISR-derived method and JSPSR. (a) SISR-derived method predicts SR output
from target data. (b) JSPSR predicts SR output based on target data and fused guidance features in
the SPN module.

In the following sections, an overview of the dataset developed for validating methods
(Section 3.1) and the data scaling used (Section 3.2) is provided, followed by details of the
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JSPSR network design in Section 3.3. Additional data processing details are included in
Appendix A.1.

3.1. Dataset Development

Due to the lack of benchmark datasets for real-world DEM SR tasks, we developed
a dataset to conduct experiments and compare the results of different DEM SR methods.
We determined that an ideal real-world DEM SR dataset should contain the following
components: high-resolution DTM samples as the ground truth, high-resolution remote
sensing image samples as the guidance data, low-resolution DSM samples as the target
data of SR methods, other DTM samples (existing state-of-the-art dataset is preferred) as
the comparison reference for the method performance, and at least one kind of land-surface
information, such as land cover masks, land use masks, canopy height data, building
footprints and street maps, as the auxiliary guidance samples. All the source data should
be produced in similar periods and be publicly accessible. Following the above principles,
considering the location, date and quality [6], we selected (1) the Copernicus GLO-30
DEM (COP30) dataset [12] as the low-resolution DSM source, (2) the Forest And Buildings
removed Copernicus DEM (FABDEM) dataset [13] and FathomDEM dataset [14] as the
comparison reference DTM source, (3) the HighResCanopyHeight dataset [58] as the
Canopy Height Map (CHM) source, and (4) the GRSS Data Fusion Contest 2022 (DFC2022
or grss_dfc_2022) dataset [59] as the high-resolution image, DTM and land use mask
sources, to build a dataset for real-world DEM SR problems, denoted here as DFC30
(DFC2022 + FABDEM /FathomDEM + COP30, low-resolution at ~30 m). We note that
while the pixel size of GLO-30 is 30 m, and the actual spatial resolution is unknown, it is
derived from 0.4 arcsecond (~12 m) TanDEM-X data [60].

Table 1 lists DFC30 components information.

Table 1. DFC30 dataset components information.

Component Type Format Pixel Size Year CRS Role
DFC2022 Image Raster 05m 2012-2014 EPSG:2154  Guidance data
DFC2022 Mask  Vector  0.25ha 2012 EPSG:2154  Auxilary guidance
DFC2022 DTM  Raster 1m 2019-2020 EPSG:2154  Ground truth
Copernicus GLO-30 DSM  Raster 30m 2011-2015 EPSG:4326 Target data
FABDEM DTM  Raster  30m 2014-2018 EPSG:4326 Comparison reference
FathomDEM DTM  Raster 30m 2014-2018 EPSG:4326 Comparison reference
HighResCanopyHeight CHM Raster 1m 2017-2020 EPSG:3857  Auxilary guidance

EPSG codes refer to their respective standards: EPSG:2154—RGF93 v1/Lambert-93. IGN, Paris, France, 2021.
See EPSG Registry 2154, https:/ /epsg.io/2154, accessed on 15 September 2025. EPSG:3857—WGS 84 /Pseudo-
Mercator. IOGP/EPSG Geodetic Parameter Dataset, London, UK, 2020. See EPSG Registry 3857, https:/ /epsg.io/
3857, accessed on 15 September 2025. EPSG:4326—WGS 84. IOGP/EPSG Geodetic Parameter Dataset, London,

UK, 2022. See EPSG Registry 4326, https:/ /epsg.io/4326, accessed on 15 September 2025.

Among the DFC30 dataset components, the DFC2022 dataset was developed based
on the MiniFrance dataset [61], which defined a 1 km? geographic bounding box for each
sample. The sources of images, land use masks, and DTMs for the DFC2022 dataset are
the BD ORTHO dataset [62], the UrbanAtlas 2012 dataset [63], and the IGN RGE ALTI
dataset [64], respectively. DTMs of the DFC2022 dataset were derived from airborne LIiDAR
or correlation of aerial images at a resolution of 1 m, with a vertical accuracy of ~0.2 m in
flood or coastal areas [64]. The DFC2022 dataset comprises 3981 valid samples, each cover-
ing an area of 1 km? of land within the selected sixteen regions in France, with a resolution
of up to 0.5 m. The DFC2022 dataset covers around 4000 km? in total, including urban
and countryside scenes: residential areas, industrial /commercial zones, fields, forests,
sea-shore, and low mountains. Based on the DFC2022 dataset sample boundary, we sup-
plemented the samples with the same boundary from the COP30, FABDEM, FathomDEM,
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and HighResCanopyHeight datasets to constitute the DFC30 dataset. Figure 2 illustrates
the sample locations and data distributions of the DFC30 dataset with an example region
and an example sample.
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Figure 2. DFC30 dataset sample location, example, and distribution. All 3981 samples in the DFC30
dataset are located in selected sixteen regions of France. Each sample contains a high-resolution image,
a high-resolution land use mask, a high-resolution CHM, a high-resolution DTM, a low-resolution
DSM and two low-resolution DTMs. (a) The location of samples in the example region (Cherbourg);
(b) the locations of 16 regions; (c) an example sample for training; (d) the density distribution by
elevation; (e) the density distribution by slope; (f) the category distribution by percentage.

To improve data transformation efficiency during training, we preprocessed the DFC30
dataset by resampling the data to the target resolution in advance. There are several
constraints in determining an appropriate target resolution:

1. Guidance information degradation: Remote sensing images (or other auxiliary spatial
data) lose detail at lower resolutions. Considering road width, tree canopy radius,
and residential property size, an 8 m resolution is an appropriate threshold. If the
resolution is coarser than 8 m, ground features (e.g., narrow roads, individual trees,
and small houses) may be lost during downsampling to the target resolution from
high-resolution data.

2. Network input limitation: JSPSR only allows input tensors with shapes that are mul-
tiples of 8 (e.g., 128 x 128, 144 x 144, etc.). The input shape of 128 x 128 pixels
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is the minimal adequate size for feature extraction in networks, equivalent to
~8 m resolution.

3. Computational efficiency: training with very high resolution (e.g., 1 m resolution)
data is expensive due to the vast amount of data for training, which will slow the
experiment progress.

Therefore, this work selected resolutions of 8 m and 3 m as the target resolutions
for experiments.

The DFC30 dataset was preprocessed to 8 m and 3 m resolution samples for network
training and evaluation, denoted as DFC30-8m and DFC30-3m , respectively. More details
of data processing are described in Appendix A.1.

3.2. Elevation Data Scaling

As the density plot in Figure 2d shows, the elevation distribution is close to the power
law distribution, which is highly skewed towards zero elevation in an extremely narrow
value range compared to the total value range, which would lead to inferior network
performance [65]. Therefore, we scaled the raw elevation data to mitigate the adverse
effects of data skew by converting the data distribution closer to a normal distribution
using the process described here.

Assuming H' is the elevation of a low-resolution DEM sample i, H, is its min-max
scaling result, and a vanilla min—-max data scale can be defined by the following:

Hie = (' = Huin ) / Moz = Honin), M

where H,,;;, and Hqx are pre-defined minimum and maximum scale range parameters,
respectively. The H,,;, is equal to or smaller than the lowest elevation in all DEMs in
the dataset, and H .« is equal to or greater than the highest elevation in all DEMs in the
dataset. To simplify the illustration, we assume the overall elevation range of the DEMs is
(=100, 2900), denoted as H,i,, and H ey, and the elevation difference range (i.e., highest
elevation subtract lowest elevation) in each DEM sample of all DEMs in the dataset is a
(=1, 399) range, denoted as H i, and Hamax-

Using a sample from the Marseille-Martigues region as an example (ID: 13-2014
0908-6289 LA93-0M50-E080), Figure 3a shows the three-dimensional visualisation of the
min-max scaled Y channel of the remote sensing image, which has a 0.2 to 0.8 data range.
For comparison, Figure 3b is the min-max scaled DEM in the range (—100, 2900), with a
0.1 to 0.2 data range, which is much narrower than the RGB image value range and highly
skewed towards zero. Considering the fact that the features (such as slope and aspect)
of a DEM will remain if changing the geoid, it will not affect the feature extraction of
the networks if we shift a DEM to a 0-based relative elevation DEM, denoted as ’HiA,
by subtracting the lowest elevation of the DEM:

H)\ = H' — min (H)). )

Relative elevation helps reduce data skew by providing a smaller min—-max range for scale.
Each DEM can then be min—-max scaled to a 0-based relative elevation, denoted as ’fo A, using
the following;:

Hip = (HiA - HAmin)/(HAmax — Hamin), 3)

where the Ha;in and Hapay are pre-defined minimum and maximum scale parameters
of relative elevation in the whole DEMs, specifically (—1, 399) as previous assumption,
improved over seven times regarding the value range (i.e., from (—100, 2900) to (—1, 399)),
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as Figure 3¢ shows. However, although the data distribution becomes more expansive, it
remains skewed towards 0.
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Figure 3. Data scale results of a sample: (a) min—-max scaled image Y channel, min and max
values are the 8-bit integer range; (b) min-max scaled DEM produced using Equation (1), min and
max values are elevation min and max values of the whole dataset (—100 and 2900 in this case);
(c) min—max scaled relative elevation DEM, min and max values are the 0-based relative elevation
min and max values of the whole dataset (—1 and 399 in this case); (d) log-min—max scaled relative
elevation DEM, min and max values are the same with (c). The log-min—-max scale on the relative
elevations (d) significantly extended the data distribution range and amplified the low-elevation
details, which improves performance in low-relief samples but may undermine feature extraction in
higher-elevation pixels.

Since the logarithmic scale generally reduces power law distribution, we applied a
logarithmic operation to both the numerator and denominator in the relative elevation
min-max scale from Equation (3), to provide the log-min—-max scaled elevation, denoted
as ,Hiog aA’

H{ogaA = log (HZA - HAmin) /log(H amax — Hamin)- 4)

As shown in Figure 3d, the distribution of log-min-max scaled relative elevation DEM is
less skewed and has a wider data distribution.

Figure 4 shows the distributions of the vanilla min-max scaled DEMs (Equation (1))
and the log-min—-max scaled relative elevation DEMs (Equation (4)). Although the log-
min-max scaled relative elevation DEM data distribution (Figure 4b) is still skewed to a
particular value to a degree due to the negative elevation outliers, it mitigates the impact
of the highly skewed data and, hence, is superior to the vanilla min-max scaled data
distribution (Figure 4a).
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Figure 4. Scaled to [0, 1] elevation of different method: (a) min-max scaled elevation distribution,
’fo, obtained using Equation (1), and (b) log-min-max scaled relative elevation distribution, ’Hfog 2A”
obtained using Equation (4). The distribution of (b) is less skewed to 0 than that of (a), which benefits
the performance of networks.

3.3. Joint Spatial Propagation Super-Resolution Networks Design

Compared to SISR methods for DEM SR that only use low-resolution DEMs as input
data, the proposed JSPSRs utilise low-resolution DEMs and guidance data (with or without
auxiliary guidance data), which enables the networks to extract and leverage more features
from input data for regression. However, the guidance data raise challenges regarding
multi-modal feature fusion [66]. Therefore, fusing data with different modalities effectively
and efficiently is the primary concern for the backbone of the JSPSR networks. Furthermore,
unlike popular datasets, such as DIV2k [67], which uses synthetic low-resolution images,
or KITTI [68], which captures point clouds and RGB images simultaneously in the exact
location, the target data (i.e., low-resolution derived DSMs), guidance data, and ground
truth (i.e., high-resolution derived DTMs) are entirely independent. That means that
the same coordinate pixels of different components in a sample may not necessarily be
precisely matched due to time differences and system biases, which requires our network
to learn features and predict output non-locally. Thus, we designed networks focusing on
addressing the above two issues.

Our solution for multi-modal feature fusion is Guided Image Filtering (GIF) (Section 3.3.1).
For pixel mismatch, our solution is non-local SPN methodologies (Section 3.3.2). The out-
line of the proposed approach is illustrated in Figure 1, which shows the coarse architecture.
More details are depicted in Figure 5, which comprises a U-Net [69] structure with multi-
branch encoders and a single-branch decoder, and a SPN module.

3.3.1. Guided Image Filtering

Li et al. [46] proposed the deep joint image filtering network, which sends guidance
input and target input in two branches of convolutional layers separately, then concate-
nates the output of the two branches and extracts features again through convolutional
layers to obtain the feature-fused output. This structure efficiently fuses multi-modal
features (e.g., [43,44,57]). There are two main strategies for multi-modal feature fusion:
early fusion and late fusion. Methods that adopt early fusion depend on the strong feature
extraction ability of the encoder to fuse multi-modal features, which leads to the encoder
being computationally intensive (e.g., PENet [47], with 132 million parameters, and Com-
pletionFormer [49], with 83.5 million parameters). In contrast, methods that adopt late
fusion have a dedicated branch to extract features for each input modality, making the
network more efficient when the number of branches is small. However, the parameter
size increases rapidly with the number of branches using later fusion. Considering SR is a
low-level computer vision task that should ideally not involve high computational costs,
we selected the late fusion mode referring to the guided image filtering theory, as shown in
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Figure 5 (Step 2). The total parameter size of our networks with a two-branch encoder is
29.16 million, and with a three-branch encoder is 43.87 million.

Step 1: Preprocessing Step 2: Feature extraction and fusion

Guidance
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Remote sensing image

DEM
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g R
I 1
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......................................
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Prediction Ground Truth
Initial DEM SPN Super-resolution DEM High-resolution DEM

Figure 5. The architecture of J[SPSR and the training workflow. The preprocessing (Step 1, described
in Section 3.1) upsamples the low-resolution DSM to the target resolution as the initial DEM and
sends the initial DEM with guidance image and optional auxiliary guidance data (land use mask in
this case) to the corresponding branch of the backbone for multi-modal feature extraction and fusion
(Step 2, described in Section 3.3.1). The refinement process (Step 3, described in Section 3.3.2) utilises
anon-local SPN to tune the initial DEM based on guidance features extracted from the backbone and
to estimate the SR DEM.

3.3.2. Spatial Propagation Network

The Spatial Propagation Network (SPN) was initially designed to alleviate the depth
mixing problem by learning affinity from guidance features [50]. With the enhancement
of the deformable convolution networks [70], non-local SPN variants have been proposed
(e.g., [44,49,53,57]), which have found that the non-local SPN improves the depth accuracy
on the edge of objects. This attribute could be helpful for DEM SR since our DEMs are
relatively “flat” in most samples (slope smaller than 10°), which means “blur” in the RGB
image perspective. During training, the SPN collects the affinity of eight neighbour pixels
of each pixel to assist elevation prediction and then learns the offset (x and y directions)
and weight (or confidence in some studies [49,53]) in the backpropagation stage, as shown
in Figure 6. After appropriate training, the learnt SPN offset and weight can significantly
contribute to the elevation prediction performance.

We built on DKN [57] and LRRU [44] to implement the non-local SPN refinement
module as shown in Figure 7. The refinement module reconstructs input initial DEMs
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using guidance features in a deformable convolutional layer. It generates deformable
convolutional kernel affinity weight parameters and sampling offset parameters for each
pixel to fulfil non-local learning. It then learns the parameters during training and fine-tunes
the initial DEM elevations. The refinement module has a residual connection between the
initial DEM and the final output to augment high-frequency information and suppress noise.
Therefore, it intrinsically learns the residual between the prediction and the ground truth.
The main differences between our refinement module and the previous SPN refinement

modules are:

y
o

Remote sensing image Low-resolution DSM High-resolution DTM
(Guidance) (Ground truth)
Figure 6. Example of non-local spatial propagation: three pixels (yellow) that select their most similar
neighbour pixels (purple) in eight different directions to assist elevation prediction while ignoring
low-similarity neighbours. This approach alleviates errors caused by pixel mismatches between the
guidance image, the low-resolution derived DEM, and the high-resolution derived ground truth,
as the SPN learns the similarity during training, allowing for pixel offsets in elevation prediction.
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Figure 7. The refinement module structure. It first generates offset prediction and weight prediction
for each pixel in the initial DEM based on mixed features. Then, it utilises a modulated deformable
convolutional layer to sample neighbouring pixels based on the offset and weight to predict the SR
DEM in a non-local style.

242



Remote Sens. 2025, 17, 3591

1. Less computing cost: our refinement module runs once per batch during training and
inference, while the previous works need to run iterations per batch;

2. Optimised high-frequency information: our refinement module directly uses initial
DEMs as one of the inputs, and it does not contain a batch normalisation layer,
which gains access to more high-frequency information to contribute to the DEM
reconstruction quality.

3.3.3. Implementation

We selected Python 3.10 and PyTorch 23.05 [71] to implement our framework for train-
ing and evaluating, including data augmentation, data transformer, data loader, network,
loss function, metrics, training procedure, and evaluation procedure.

As shown in Figure 5, initially, low-resolution DEMs are interpolated to the target
resolution as the initial DEM, similar to SRCNN [19]. Each type of input data (i.e., initial
DEM, guidance image, and auxiliary guidance data) of the networks has its feature ex-
tractor branch (encoder). Among branches, they share features with the DEM branch by
concatenating. With this structure, the three ResNetBlock [72] layers (two parallel before
and one after the concatenating operation) perform guided image filtering to optimise
fusing the different modality features. Then, the transposed convolutional layers in the
decoder fuse and upsample the features from the encoders to create the guidance features
for refinement. A channel attention layer [73] is located before each transposed convolu-
tional layer to emphasise significant channels. Ultimately, the refinement module fuses
features from guidance features and initial DEMs through guided image filtering, creating
mixed features, and then generates weight and offset parameters for the deformable layer
to predict SR DEM residuals. In brief, the network has a U-Net encoder-decoder structure
with multiple branch encoders for feature extraction and multi-modal fusion, a single
decoder for feature fusion that serves as a feature pyramid, and a refinement module for
reconstructing the final predicted SR DEMs.

We adopted the following loss functions to supervise the network training progress:
Mean Absolute Error (MAE), denoted as £, Mean Square Error (MSE), £, and edge loss,
Ledge, to evaluate the pixel-wise distance between the prediction Zil\il 7:[i, where #! is the
elevation of the prediction i, and the ground truth YN | 7!

gt
the ground truth DEM sample i. The loss functions are defined as follows:

where ’Hét is the elevation of

N ‘
Ly=Y [H —Hyl, ®)
i=1
N . L
Lo=Y (H —Hy)?, (6)
i=1
N A, .
Lege = Y |St— Sgtl, and (7)
i=1
L=M-Ly+ A L2+ A3+ Logge, 8)

where S denotes the result of the Sobel operator for edge detection. For the combined
loss function, £, A indicates the weight of a loss. Weset A; =1, A, =1, and A3 = 0.1 for
optimum performance.

To evaluate the quality of predictions, we defined elevation error as the pixel-wise
deviation between a DEM and its corresponding ground truth. We selected the Root
Mean Square Error (RMSE), elevation median error (Mdn.), Normalised Median Absolute
Deviation (NMAD), absolute deviation at the 95% percentile (LE95), and Peak Signal-to-
Noise Ratio (PSNR) as metrics. These metrics are defined by the following;:
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N A, .

RMSE = | ) (H! — H},)2/N, )
i=1
dn. = ~ M) = 05 10
M n-—ﬁfi(?i —Het) = Qp 9, (05), (10)
1=

14826 = Y, Md 11
NMAD = 1.48 6-Ni;(|7{ — Higr —Mdn.|), (11)
LE95 = QWW (0.95), and (12)
PSNR = 20 - log,(Hmax /RMSE), (13)

where Qs (x) in Equations (10) and (12) means the percentile value at x position in set s.
Humax in Equation (13) denotes the pre-defined maximum of elevation, as mentioned in
Section 3.2.

This metric combination comprehensively considers the accuracy, error distribution,
and sensitivity to outliers. In addition, it facilitates comparison with the existing literature.
Among the metrics, RMSE is the most commonly used and significant criterion. However,
RMSE assumes the errors follow a normal distribution with insignificant outliers, which
is infrequent in DEM studies [74]. In common with previous DEM studies [6,74-76], we
supplemented RMSE with three robust metrics (Mdn., NMAD, and LE95) to describe
the properties of the error distribution in cases where elevation errors are not normally
distributed. Additionally, we utilised PSNR to measure the difference between two images,
serving as a metric for evaluating image reconstruction quality. However, PSNR uses a
pre-defined maximum parameter (H;4x), which may vary in different datasets, methods
or tasks, causing the PSNR not to be suitable for direct comparison between other studies if
Hnay is different.

Specific details of the metric calculation and dataset training/test split are provided in
Appendices A.2 and A.3, respectively.

3.4. Other Methods for Comparison

We selected three other methods for comparison with JSPSR on the DFC30 dataset:
EDSR [30], CompletionFormer [49], and LRRU [44]. EDSR is a classic method for SISR
problems and has been widely adopted as a baseline in many studies. Unlike the original
implementation, our version of EDSR omitted upsampling layers because we preprocessed
input data to the target resolution. CompletionFormer and LRRU were state-of-the-art
methods for depth completion. Both employ non-local SPN for refinement. However,
CompletionFormer uses an early fusion mode, whereas LRRU uses a late fusion mode.
Among these methods, EDSR and CompletionFormer have single-branch architectures
that can accept arbitrary multi-modal inputs through concatenation. In contrast, LRRU
has a two-branch encoder structure, limiting it to two separate input sources. Since
JSPSR can adapt its encoder structure to two or more input branches, we denote these
variants as JSPSRy;, (2b means two-branch) and JSPSR3y, (3b means three-branch) for clarity.
The attributes of all compared methods are summarised in Table 2.

Due to the differences in size and resolution, it is challenging to directly compare the
metrics between low-resolution DEMs and ground truth DEMs. Therefore, we used bicubic
upsampling of low-resolution DSMs (COP30) and low-resolution DTMs (FABDEM and
FathomDEM) to the target resolution, then calculated metrics between them and ground
truth as baselines to compare with other methods. These are denoted as BaseCOP30,
BaseFABDEM, and BaseFathomDEM.
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Table 2. The attributes of models for comparison.

Method A Basic Basic Backbone  Encoder Fusion Refinement  Parameter Mult-Adds
etho m Unit Channel Architecture Branch Mode Approach (MB) (G)
EDSR SISR CNN 256 ResNet 1 Early fusion 56.6 1260
ComplitionFormer Depth Completion Transformer 64 U-Net 1 Early fusion Iterative SPN  83.7 44.8
LRRU Depth Completion CNN 16 U-Net 2 Late fusion ~Pyramid SPN  20.8 68.8
JSPSRyy, DEM SR CNN 32 U-Net 2 Late fusion  One-shot SPN 29.2 66.8
JSPSR3y, DEM SR CNN 32 U-Net 3 Late fusion  One-shot SPN  43.9 89.4
4. Results

Based on the datasets, networks, loss function, metrics, and procedures described above,
we conducted experiments on the DFC30-8m and DFC30-3m datasets for the 30 m to 8 m and
30 m to 3 m SR tasks, respectively. The following sections will report the experimental setup
and results, including comparison studies, ablation studies, and visualisations.

4.1. Experimental Setup

We deployed JSPSR and other methods for comparison with the DFC30 dataset to
generate ground elevation DTMs with target spatial resolutions of 8 m and 3 m. The training
input data used were from one of the preprocessed datasets (i.e., DFC30-8m or DFC30-3m,
as illustrated in Section 3.1), consisting of low-resolution derived DSMs, high-resolution
derived images, high-resolution derived land masks, and high-resolution derived CHM.
The ground truth data were the high-resolution derived DTMs.

The transformer of our framework first applied 0-based elevation shifting and log-
min-max scaling (Section 3.2) to optimise data distribution, then executed random flip
augmentation horizontally and vertically for data augmentation. The 4D batch size
(Batch x Channel x Width x Height) is configurable: Batch is set from 17 to 70 based
on the maximum GPU memory capacity, Channel automatically fits the input data channel
number, and Width x Height is set to 128 x 128 pixels by default. For DFC30-8m, the trans-
former will not crop it, since each sample is already in a 128 x 128 pixel size. For DFC30-3m,
the transformer crops each sample from 334 x 334 pixels to nine patches of 128 x 128 pixels
in a tiling style, completely covering a sample with overlapped pixels. Thus, the prediction
of a DFC30-3m sample consisted of nine overlapping predicted tiles. We applied a smooth
linear weighting to the overlapped pixels among the nine tiles to generate a seamless 3 m
DTM prediction. When the transformer converts DEMs into input tensors, it preserves
all spatial information (including CRS and coordinates), which are subsequently used to
transform the predicted tensors back into DEM raster files as the final SR predictions.

We adopted AdamW [77] as the optimiser with 51 of 0.9, B2 of 0.999, weight decay of
107°, and a step-decay learning rate scheduler starting from 10~ with decay ratio 0.5 and
epoch step 100. The early stop method was applied during the default 300 training epochs.
The computing platform consisted of a Linux workstation equipped with an Nvidia GeForce
RTX 4090 GPU. A Docker container was deployed to build and manage the software
environment, which was pulled from the Nvidia NGC Catalogue (tag: pytorch:23.10-py3).

4.2. Experimental Results

A summary of the experimental results for method and data combination is presented
in Table 3, which reports the overall RMSE results for each. JSPSR achieves the highest
accuracy on both the 30 m to 8 m and 30 m to 3 m SR tasks, improving vertical accuracy
(i.e., RMSE) by 71.74% and 71.1%, respectively, compared to BaseCOP30. Generally, meth-
ods that utilise auxiliary guidance data (i.e., land use masks or CHM) outperform models
that rely solely on image guidance data, as the auxiliary guidance data can contribute to
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network regression, particularly for CompletionFormer, which significantly benefits from
this additional information.

Table 3. RMSE and change percentages of different methods on 30 m to 8 m and 30 m to 3 m SR
tasks. Input data options are DEM, image, land use mask and canopy height map (CHM). The
lower RMSE represents better performance. The value in the A% column represents the change
percentage compared to the baseline values of BaseCOP30, BaseFABDEM, and BaseFathomDEM,
respectively. The 1 or | indicates an increase or a decrease. The bold values highlight the best
prediction performance for the task.

Input Data 30mto 8 m 30mto3m
Method
DEM Image Mask CHM RMSE A% RMSE A%
BaseCOP30 3.7492 3.7547
BaseFABDEM 1.8443 1.8487
BaseFathomDEM 1.2952 1.2976
135.72 1 33.52
EDSR v 24101 1 30.68 2.496 135.01
1 86.08 192.36
1 46.96 1 64.47
CompletionFormer v v 1.9886 17.82 1.334 1 27.84
1 53.54 1 2.805
} 65.93 } 60.8597
CompletionFormer v v Ve 1.2775 130.73 1.4696 1 20.51
11.367 113.26
1 68.95 } 65.46
CompletionFormer v v v 1.1643 1 36.87 1.2967 1 29.86
J10.11 1 6.94
1 69.58 1 70.02
LRRU v v 1.1406 1 38.16 1.1256 1 39.11
1 11.94 1 13.26
170.71 1 69.87
JSPSRyy, v v 1.0983 ] 40.45 1.1314 1 38.8
1 15.2 }12.81
1 71.74 1711
JSPSR3;, v v v 1.0596 142,55 1.0851 1413
J 18.19 } 16.38
1 71.61 1 70.6
JSPSR3y, v v v 1.0644 1 42.29 1.104 1 40.28
117.82 1} 14.92

Metric [Unit]: RMSE [m].

Figure 8 visualises the elevation error distribution and RMSE of the best result from dif-
ferent methods on the DFC30-8m dataset. The COP30 and its derived DEMs (i.e., FABDEM
and FathomDEM) show a bias compared to the LIDAR-derived ground truth DEMs. All
deep learning models corrected the bias and showed prediction error centred at 0. JSPSR
has a narrower error distribution and obtains better performance.

The detailed results of all metrics used (detailed in Section 3.3.3) are reported in
Table 4. JSPSR achieves the best or second-best value in all metrics, indicating that its
prediction has optimal vertical accuracy, statistical distribution, and image reconstruction
quality. Among the compared methods, EDSR achieves the lowest performance because
SISR-derived approaches estimate predictions based on low-level image features, such as
textures extracted from input data, which are not rich in DEMs, especially in low-relief areas.
Unlike SISR approaches, depth completion approaches are designed to fuse multi-modal
data and utilise the rich features from guidance data (i.e., images or other spatial data)
to estimate depth. Therefore, both depth completion methods, CompletionFormer and
LRRU, significantly improve performance compared to approaches that only input DEMs.
However, the dataset for depth completion problems is much larger and more complex
than DEMs, leading to the depth completion networks generally containing massive neural
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network layers and multi-iterative refinement modules, such as GuideNet [43], PENet [47],
RigNet [78], CompletionFormer [49], and LRRU [44], that may be unnecessary or adverse
to DEM SR tasks due to overfitting. On the contrary, JSPSR achieved superior performance
with relatively fewer network parameters and a one-shot refinement, thereby reducing the
computing cost.

Elevation error distribution in [-5, 5] m Elevation accuracy

1.0 Method BaseCOP30
. BaseCOP30
W BaseFABDEM
0.8 B BaseFathomDEM BaseFABDEM
I EDSR
> s CompletionFormer BaseFathomDEM
= 0.6 = | RRU -8
a m— |SPSR % EDSR
o]
0o04 = CompletionFormer
0.2 i LRRU 114
i jspsr{II 106
0.0 + -
-4 -2 0 2 4 0 2
Elevation error [m] RMSE [m]

(@) (b)

Figure 8. Comparison between baselines and the best prediction of methods. (a) Elevation error dis-
tribution between —5 m and 5 m. (b) Elevation vertical accuracy (30 m to 8 m task, best performance
of a method and guidance data combination).

Table 4. Metrics of different methods on 30 m to 8 m and 30 m to 3 m SR tasks. Input data options are
DEM, image, land use mask and canopy height map (CHM). The |, |||, and 1 mean the lower, the
lower absolute, and the higher value represents better performance for the metric, respectively. The
red colour value is the best value of a metric in an SR task, while the blue is the second-best.

Input Data Metric
Task Method

DEM Image Mask CHM RMSE| Median|||] NMAD| LE95] PSNR?T
BaseCOP30 3.7492 —0.587 0.8703 9.0313  47.8815
BaseFABDEM 1.8443 —0.723 0.7232 3.2182  54.0436
BaseFathomDEM 1.2952 —0.8614 0.4617 2.131 57.1138
EDSR v 2.4101 —0.0903 0.6661 4.6267  51.7197
30m  CompletionFormer v v 1.9886 —0.3672 0.5926 2.8239  53.6744
to CompletionFormer v v v 1.2775 —0.0818 0.5637 2.2473  57.5184
8m  CompletionFormer v v v 1.1643 —0.053 0.5164 1.8621  58.0388
LRRU v v 1.1406 —0.1391 0.5093 1.926 58.2175
JSPSRy}, v v 1.0983 —0.0714 0.5094 1.8641 58.5463
JSPSR3;, v v v 1.0596 —0.057 0.4931 1.7929  58.8572
JSPSRyy, v v v 1.0644 —0.0414 0.4761 1.7939  58.8182
BaseCOP30 3.7547 —0.587 0.8704 9.0496  47.9062
BaseFABDEM 1.8487 —0.7235 0.7256 3.2316  54.0605
BaseFathomDEM 1.2976 —0.8612 0.4644 21396  57.1345
EDSR v 2.496 —0.1246 0.5945 4.7755  51.4528
30m  CompletionFormer v v 1.334 —0.1522 0.5058 21605  56.9594
to CompletionFormer v v v 1.4696 —0.1149 0.5241 2.3354  56.3014

3m  CompletionFormer v v v 1.2967 —0.0895 0.5375 2.0565 57.141
LRRU v v 1.1256 —0.1039 0.5494 1.825 58.3698
JSPSRy}, v v 1.1314 —0.1481 0.4989 1.8444  58.3255
JSPSR3;, v v v 1.0851 —0.0163 0.5235 1.7975  58.6884
JSPSRyy, v v v 1.104 —0.0883 0.5094 1.8271  58.5379

Metric [Unit]: RMSE [m], Median [m], NMAD [m], LE95 [m], PSNR [dB].

Beyond quantitatively comparing prediction performance, we evaluated inference

time and GPU memory consumption to compare the computing cost among selected
methods on the DFC30-8m dataset, as shown in Table 5. The input data resolution is 8 m,
and the size is 128 x 128, with a batch size of one. PyTorch application programming

247



Remote Sens. 2025, 17, 3591

interfaces (APIs) are utilised to measure the GPU inference time and memory costs precisely.
We inferred all 799 test samples and calculated the average values (except for the first
inference, which was affected by extra overhead from PyTorch). The experimental results
indicate that JSPSR achieves the fastest inference speed and moderate memory consumption
on GPUs. Itis worth mentioning that our end-to-end DEM SR approach incurs an additional
CPU computing cost for resampling low-resolution DEMs to the target resolution using
GDAL [79], which typically takes less than 0.3 ms to resample a 128 x 128 sample using
GDAL on a4 GHz CPU core.

To visually compare the SR reconstruction quality, we selected two extreme scenarios
for comparison: the most improved and the least improved cases using JSPSR. Figure 9
displays the most improved JSPSR prediction compared to BaseCOP30. In this case,
the BaseCOP30 RMSE of this sample is 15.58 m, while the JSPSR prediction RMSE is 3.29 m,
representing an improvement of 78.9%. EDSR and CompletionFormer appear underfit,
which does not account for part of the canopy height. The predictions of LRRU and JSPSR
acquire higher quality than those of other methods. However, the LRRU prediction displays
signs of overfitting, as small stripes appear in pixels with very low relief.
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Figure 9. Comparison among predictions of different methods in the case of the most improved
prediction with JSPSR compared to BaseCOP30, displayed in the format of elevations and residuals
to the ground truth with partially enlarged details. The number in the top right corner is the
RMSE of this sample/prediction. (30 m to 8 m SR task, image guidance only, sample ID: Lille
59-2012-0703-7040 LA93-0M50-E080).

248



Remote Sens. 2025, 17, 3591

On the other hand, Figure 10 displays the least improved JSPSR prediction compared
to BaseCOP30. The RMSE of this BaseCOP30 sample is 2.75 m, while the JSPSR prediction
RMSE is 3.39 m, increasing 23.3%. All the methods try to predict the depth of the ditch
covered by vegetation. However, they all overestimate the depth of the ditch, leading to
the raw input data achieving the best performance. It highlights that predicting elevation
under vegetation is a challenge for all DEM SR methods in this context.

[ 2((3

® w©
& 3 8 8
Elevation [m]

w
3

Guidance Image Ground Truth BaseFABDEM BaseCOP30

75 8
\ \ 5.0

25

0.0

CompletionFormer LRRU JSPSR

Figure 10. Comparison among predictions of different methods in the case of the least improved
prediction with JSPSR compared to BaseCOP30, displayed in the format of elevations and residuals
to the ground truth with partially enlarged details. The number in the top right corner is the
RMSE of this sample/prediction. (30 m to 8 m SR task, image guidance only, sample ID: Angers
49-2013-0415-6696 LA93-0M50-E080).

Table 5. Computing cost comparison of different methods on the DFC30-8m dataset. The inference
sample size is 128 x 128, and the resolution is 8 m. GPU time and GPU memory usage are the average
computing costs of inferring 798 test samples. The red colour value is the best in a column, while the
blue is the second-best.

Parameter Mult-Adds GPU Time GPU Memory
Method (MB) @) (ms) (MB)
EDSR 56.6 1260 18.3691 228.6
ComplitionFormer  83.7 44.8 13.9568 371.6
LRRU 20.8 68.8 5.7059 164
JCDSRy, 29.2 66.8 3.9759 235.2
JCDSR3y, 43.9 89.4 5.1521 320.5
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4.3. Ablation Studies

We conducted experiments on the DFC30-8m dataset to evaluate the effectiveness of
the proposed method’s components, guidance data, and generalisation.

4.3.1. Effectiveness of Proposed Data Scale Method

Data preprocessing is a fundamental factor in determining the quality of training.
Before the low-resolution DSM (COP30) is transformed to tensors for training, they are
interpolated to the target resolution using the bicubic algorithm, augmented with random
flips and then scaled to [0, 1] using a relative elevation log-min—-max scale, as illustrated in
Section 3.2. We conducted experiments to compare the effectiveness of the relative elevation
log-min—-max scale, as shown in Table 6. The RMSE decreased by 14.9% when guidance
data consisted of images, and by 12.7% when guidance data consisted of images and land
use masks, indicating that our relative elevation log-min—-max scale method effectively
improves network performance.

Table 6. RMSE comparison between with and without relative elevation and log-min-max
scale in 30 m to 8 m SR task (image guidance only). The | means the lower value represents
better performance.

Method Guidance Data Relative Log-min-max RMSE |
Image Mask Elevation Scale
v 1.29
v v 1.1787
v v v 1.0983
JSPSR v v 12136
v v v 1.1482
v v v v 1.0596

Metric [Unit]: RMSE [m)].

4.3.2. Effectiveness of Guidance Data

The impact of different guidance data on JSPSR is reported in Table 7. We conducted
experiments on EDSR and JSPSR to evaluate the significance of guidance data, including
images, land-use masks, and CHMs. We also assessed JSPSR performance without image
guidance, using only the land use mask or CHM auxiliary guidance. The experimental
results confirm the significant enhancement of guidance images. With guidance images,
EDSR performance significantly improved by over 30% compared to without guidance
images. JSPSR also improved with guidance images compared to without guidance images.

Table 7. RMSE of JSPSR on 30 m to 8 m and 30 m to 3 m SR task. Input data options are DEM,
image, land use mask and canopy height maps (CHM). The | means the lower value represents
better performance.

Guidance Data RMSE |
Method
DEM Image Mask CHM 30mto8m 30mto3m
EDSR v 2.4101 2.496
EDSR v v 1.5816 1.6258
JSPSR v v 1.0983 1.1314
JSPSR v v 1.1984 1.2231
JSPSR v v 1.0986 1.1506
JSPSR v v v 1.0596 1.0851
JSPSR v v v 1.0644 1.104

Metric [Unit]: RMSE [m)].
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Regarding the two types of auxiliary guidance data, their contributions are contingent
upon specific conditions. Incorporating the guidance images, since CHM can be directly
learnt from ground truth, the contribution of CHM is slightly less significant than that
of land use masks, which contain more additional information than CHM. Without the
guidance images, the networks appear less effective with auxiliary guidance land use
masks than CHM.

4.3.3. Comparison of Data Fusion Operations for Guided Image Filtering (GIF)

JSPSR adopts the GIF method for feature extraction and multi-modal fusion. In gen-
eral, there are three simple operations for fusing features between the encoder and decoder
branches: addition, concatenation, and filtering. The addition and concatenation ap-
proaches are fundamental operations for binding features together. The addition operation
adds different features element-wise, while the concatenation operation stacks different
features in the channel dimension. The filtering approach uses convolutional kernel filters
(e.g., LRRU [44]) or customised kernel filters (e.g., GuideNet [43]) to fuse features. Many
other elaborate approaches for multi-modal data fusion have been proposed [80], but they
are outside the scope of this work. We assessed the effectiveness of addition, concatenation,
and convolutional kernel filtering, as shown in Table 8, which suggests that the concatena-
tion approach achieves better performance under similar parameters and computational
costs on the DFC30-8m dataset.

Table 8. RMSE comparison among different fusion operations on DFC30-8m dataset. The | means
the lower value represents better performance.

Guidance Data Operation
Method RMSE |
Image Mask Addition Concatenation  Filtering
v v 1.2649
v v 1.0983
v v 1.1527
JSPSR v v v 122
v v v 1.0596
v v v 1.1592

Metric [Unit]: RMSE [m)].

4.3.4. Effectiveness of Refinement Module

The refinement module is a prominent component for depth completion approaches.
It is also a significant difference between the proposed JSPSR and SISR-derived methods.
Table 9 compares the metrics with or without the refinement module for EDSR and JSPSR
on the DFC30-8m dataset. It reported that the refinement module improved network
performance remarkably (up to 48.3% on RMSE), even though the network was an SISR
method (EDSR), which was enhanced by 48% on RMSE with the guidance image and
refinement module.

Table 9. RMSE comparison with or without refinement module on DFC30-8m dataset. The | means
the lower value represents better performance.

Guidance Data

Method Refinement RMSE |
Image Mask
EDSR 24101
EDSR v 1.5816
EDSR v v 1.2518
JSPSR v 1.4034
JSPSR v v 1.0983
JSPSR v v 2.0497
JSPSR v v v 1.0596

Metric [Unit]: RMSE [m)].
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4.3.5. Generalisation

Generalisation is a crucial ability to predict unseen data. The fixed train/test split in
previous experiments cannot assess the generalisation of the proposed method. To evaluate
model generalisation, we conducted experiments on different train/test splits using the
k-fold cross-validation method, specifically setting each region as the test set and the rest
of the fifteen regions as the training set. The results are reported in Table 10. Most regions
achieved over 50% improvement compared to BaseCOP30, and over 20% improvement
compared to BaseFABDEM and BaseFathomDEM. However, the two high slope regions
(Nice and Marseille-Martinique) achieved underperforming results. A possible reason is
that these are the only two regions (Nice and Marseille-Martinique) in the mountainous
area of the DFC30 dataset, leading to the high-slope areas being under-fitted during
training. Evidence is that the third high slope region (Clermont-Ferrand) achieved a 63.63%
improvement compared to BaseCOP30, as the two mountainous regions are included in
the training set, allowing the network to learn enough features of high slope samples,
compared to learn from only one mountainous region. In general, the model generalisation
of JSPSR is robust, except for high-slope regions due to the insufficiency of high-slope
samples in the DFC30 dataset.

Table 10. 16-folder cross-validation on 30 m to 8 m SR task (image guidance only). The region name
indicates that the region serves as the test set, and the remaining 15 regions are used as the training set.
“COP.”, “FAB.”, and “Fat.” represent BaseCOP30, BaseFABDEM, and BaseFathomDEM, respectively.
A% represents the metric change percentage compared to baselines. The 1 or | indicates an increase
or a decrease. The value after T or | is the change percentage compared to baselines. The red values
highlight the most improvement, while the blue values highlight the lowest.

Pixel Slope® RMSE
Region o A%COP. A%FAB. A%Fat.
° Avg.  Std. COP. FAB. Fat. JSPSR

Angers 6.18 2.25 3.47 3.8748 2.0467 13129 1.0421 |73.11 J49.08 1 20.63
Brest 4.32 343 5.05 29449 20794 14164 1.0825 |63.24 1 47.94 } 23.57
Caen 6.30 3.14 4.23 35006 2.0156 1.2933 09893 | 71.74 4 50.92 }23.51
Calais Dunkerque 6.43 283 417 29356 1.6401 1.1805 1.2083 | 58.84 12633 1235
Cherbourg 2.84 3.63 4.50 2.8535 1.6931 15612 09416 |67 J 44.39 4 39.69
Clermont-Ferrand 7.54 7.53 7.52 6.0747 3.1155 19411 22093 | 63.63 $29.09 113.81
LeMans 5.38 2.64 3.48 5.7566 25362 1.2973 1.4077 | 75.55 } 44.5 1 8.51
Lille Arras Lens Douai Henin 10.22  2.00 3.12 34944 1.6858 1.2455 1.1283 | 67.71 J33.07 1941
Lorient 3.01 4.55 5.73 49893 28006 2.2847 21124 | 57.66 } 24.57 1 7.54
Marseille Martigues 7.76 8.66 10.48 3.0760 2.8171 22974 22606 |26.51 $19.75 }1.6
Nantes Saint-Nazaire 10.88 2.06 3.01 27932 13676 1.1422 0.7918 | 71.65 } 421 1 30.68
Nice 8.36 2352 13.10 7.0960 5.8516 49287 5.6147 | 20.88 4 4.05 113.92
Quimper 3.87 3.89 4.54 3.1250 1.8856 1.3329 09765 | 68.75 }48.21 1 26.74
Rennes 9.82 2.82 3.34 3.7086 1.8336 1.4373 1.1217 | 69.75 J 38.83 1 21.96
Saint-Brieuc 3.42 3.73 4.84 43080 23262 1.2925 1.2245 | 71.57 1 47.36 1 5.26
Vannes 3.67 3.08 4.03 41938 19065 1.3968 1.1261 | 73.15 140.93 119.38

Metric [Unit]: RMSE [m)].

4.4. Assessment of [SPSR Predictions by Topographic Context

The experimental results above validated the performance of the proposed method
under various conditions. However, it does not take into account topographic attributes.
In this section, we analyse the prediction of the proposed method in the topographic context.

4.4.1. Vertical Accuracy by Slope

Topographic slope is strongly influenced by DEM resolution due to the scale difference
of a point under different resolutions [81]. Generally, lower elevation accuracy will be
measured where an SR output has a higher slope. Thus, we assessed the RMSE based
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on different slope ranges (<5°, 5—10°, 10—25°, and >25°), as shown in Table 11, which
indicated that accuracy decreased as the slope increased. However, JSPSR achieved superior
accuracy across all slope ranges (except when the slope exceeded 25° on the 30 m to 8 m
SR task), outperforming BaseCOP30 (an improvement of up to 73.2%), BaseFABDEM (an
improvement of up to 43.65%), and BaseFathomDEM (an improvement of up to 17.72%),
particularly in low-relief areas.

Table 11. RMSE comparison under different slope ranges on 30 m to 8 m and 30 m to 3 m SR
tasks. A% represents prediction RMSE change percentage compared to BaseCOP30, BaseFABDEM,
and BaseFathomDEM, respectively. The | or 1 indicates an increase or decrease compared to the
corresponding baseline.

Guidance Data Overall Slope 0-5° Slope 5-10° Slope 10-25° Slope > 25°
Task Method
Image Mask RMSE A% RMSE A% RMSE A% RMSE A% RMSE A%
BaseCOP30 3.7492 3.5789 5.1544 6.611 7.1176
BaseFABDEM 1.8443 1.7021 2.7953 4.017 6.0347
BaseFathomDEM 1.2952 1.1656 2.0447 3.1646 5.5909
30 m 170.71 1732 1 64.94 J 54.49 1218
to v 1.0983 14045  0.9591 1 43.65  1.8072 135.35  3.0084 12511  5.566 1777
8m 1 15.2 117.72 1 11.62 1494 1045
171.74 174.37 1 65.3 1 56.43 1 16.23
v v 1.0596 14255 09174 }46.1 1.7888 136 2.8803 1283 5.9622 1.2
1 18.19 121.29 112,52 1 8.98 1 6.64
BaseCOP30 3.7547 3.569 5.077 6.067 5.81
BaseFABDEM 1.8487 1.7077 2.6284 3.5545 4.6316
BaseFathomDEM 1.2976 1.17 1.9 2.765 4.1696
30 m 1 69.87 171.76 1 66.58 1 58.57 1 34.46
to v 1.1314 1 38.8 1.0079 14098  1.6968 13544 25133 12929  3.8077 $17.79
3m 112.81 113.85 1 10.69 19.1 J 8.68
1711 17297 167.71 J 60.05 }37.61
v v 1.0851 1413 0.9648 1435 1.6396 137.62 2424 1 31.8 3.625 1 21.73
116.38 1 17.54 113.71 1 12.33 } 13.06

Metric [Unit]: RMSE [m)].

One of the reasons for lower performance in the higher slope range is that the slope
distribution of the DEM30 dataset is highly skewed. The pixel percentage of each slope
range is approximately 93% (<5°), 5% (5-10°), 1.6% (10-25°), and 0.1% (>25°), leading to
potential under-fitting when pixel slopes become higher.

4.4.2. Vertical Accuracy by Land Use Mask Categories

Land use masks present the various land use or land cover categories, including water,
urban fabric, pastures, forests, and others. They affect prediction accuracy due to the
inclusion of semantic information from classification and segmentation. This semantic
information may facilitate feature extraction and fusion when different data (e.g., images,
DEMs, and land use masks) are pixel-wise matched. However, it may introduce noise if they
are widely mismatched, which can impair prediction performance. Since the land mask
classes are highly unbalanced, as shown in Table 12 (pixel percentage column), the RMSE of
each category does not reveal the correlations between JSPSR and land use mask categories.
However, by comparing the results with and without the land use mask guidance, we
determined which category benefits the most (or least) from the land use mask guidance.
Additionally, comparing predictions and baselines by land use mask classes helped to
evaluate the network’s performance and limitations. Figure 11 demonstrates elevation
profiles from several samples to show the detailed elevation compared with baselines.
Although several elevation profiles do not have a statistical meaning, it is a straightforward
way to reveal whether a method is effective.
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Table 12. RMSE comparison by land use mask classes on 30 m to 8 m SR task. “COP.”, “FAB.”, and
“Fat.” represent BaseCOP30, BaseFABDEM, and BaseFathomDEM, respectively. “W/0O.” and “W.”
mean without the land use mask guidance and with the land use mask guidance. The A% represents
RMSE change percentage compared to baselines and W/O. The | or 1 indicates an increase or
decrease. The red values highlight the most improvement, while the blue values highlight the lowest.

Class Pixel Slope® RMSE A% W/O. A% W.
% Avg. Std. COP. FAB. Fat. W/O. W. COP. FAB. Fat. COP. FAB. Fat.  W/O.
0 24.42 1.92 2.52 4.15 1.8994 14645 13983 13318 663 |2638 [452 6791 [2988 19.06 476
1 8.93 1.92 2.07 1.8552 1.274 1.1689  0.67 0.66 16389 14741 |4268 |6442 |4819 [4354 [1.49
2 7.27 222 2.89 21557 14947 13074 09651 0.9234 | 5523 |3543 |2618 |57.16 [3822 |2937 |4.32
3 0.53 4.94 8.29 3.2909 3.2024 2.998 2.8292 3.0121 | 1403 |11.65 |563 |[847 594 1047 1646
4 1.31 2.63 3.95 47996 29084 1.5242 1.5493 1.578 16772 14673 1165 6712 |4574 1353 1185
5 35.19 1.64 1.78 14872 1.2024 09892 0.5649 05396 | 62.02 |53.02 |4289 |63.72 |5512 |4545 |448
6 0.86 293 2.3 09703 09784 0.9569 0.5286 0.5856 | 4552 | 4597 |4476 |39.65 |4015 [388 110.78
7 18.94 2.07 2.36 2.0208 1.3587 1.1338 0.6276 0.6287 | 6894 |53.81 |44.65 |6889 |5373 [4455 10.17
10 7.81 3.05 4.12 9.8595 4.0118 1.7801 2.1412 2.0479 | 7828 |46.63 12029 |7923 [4895 11504 |4.36
11 0.1 3.88 54 2.8077 17666 1.7443 13312 1.1125 | 5259 [24.65 |23.68 6038 |37.03 [|3622 |1643
12 0.07 1.77 3.1 3.0564 3.1069 2.8956 2.2358 1.958 12685 2804 |[2279 |3594 |3698 |3238 |1243
13 0.39 1.3 2.55 1.5092 1.0942 1.1734 0.5971 05517 | 60.44 |4543 |49.11 |63.44 [4958 [5298 |76
14 1.38 1.44 3.1 2.7732 26266 25293 1.8475 1.8838 [ 3338 [29.66 |2696 3207 [|2828 |2552 1196
Class Name

1 Urban fabric 2 Industrial, commercial, public, military, private and transport units

3 Mine, dump and construction sites 4 Artifical non-agricultural vegetated areas 5 Arableland (annual crops)

6 Permanent crops 7 Pastures 10 Forests

11 Herbaceous vegetation associations 12 Open spaces with little or no vegetation 13 Wetlands
14 Water 0 Noinformation

Metric [Unit]: RMSE [m)].
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Figure 11. Elevation profiles by land use mask classes. The red-dashed lines are elevation cross-
section projections on the remote sensing images. (a) Class 1 (urban fabric). (b) Class 2 (industrial,
commercial, public, military, private, and transport units). (¢) Class 5 (arable land (annual crops)).
(d) Class 10 (forests) and 14 (water). (30 m to 3 m SR task, image + land use mask guidance).
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Based on the statistics in Table 12, the RMSE of SR predictions with land use mask
guidance was slightly better than the RMSE without land use mask in general. Specifically,
the land use mask guidance contributed the most to class 11 (herbaceous vegetation associ-
ations), where the RMSE improved by 16.43% compared to the same condition without
land use mask guidance. In contrast, the guidance data reduced network performance
by 10.78% in class 6 (Permanent crops). Compared to the baselines, the most significant
difference is the FathomDEM RMSE of class 10 (Forests), which is superior to all other cate-
gories because FathomDEM utilises canopy height for training and dramatically improved
canopy height prediction performance. All other categories basically follow the rule that a
lower slope performs better, except for the forest category, which contains relatively more
high-slope pixels, yet achieves the best performance.

The statistics may imply that (i) land use mask guidance contributed less when the
class segmentation boundaries are less accurate in higher slope areas; (ii) land use mask
guidance were helpful when a class had apparent visual features (e.g., buildings, wetlands
and forests); (iii) land use mask guidance may have decreased prediction performance
when a class was visually ambiguous with other classes (e.g., class 11 herbaceous vegetation
may look similar with class 5 agricultural vegetation); and (iiii) the influence of slope on
performance is more significant than that of classes.

4.4.3. Vertical Accuracy for DSM to DTM

If the SR DEMs are downsampled back to the original low resolution, the results
are equivalent to those of DSM-to-DTM processing (i.e., correction of errors without SR).
To facilitate direct comparison with other datasets, we resampled the prediction SR DEMs
from 8 m and 3 m to 30 m resolution, creating DTMs with the exact grid spacing as the
input low-resolution DEMs (~23.985 m). These DTMs can be used as DEMs with trees
and buildings removed, which are functionally similar to FABDEM and FathomDEM.
To maximise the use of predictions, we reprojected the original COP30, FABDEM and
FathomDEM samples from EPSG:4326 to EPSG:2154. The quantitative comparison of
elevation accuracy is reported in Table 13, indicating that our method outperforms COP30,
FABDEM, and FathomDEM by over 70%, 40% and 17%, respectively, in terms of RMSE for
DSM-to-DTM tasks on the DFC30 datasets.

Table 13. Accuracy comparison among COP30, FABDEM, FathomDEM, and SR prediction at 30 m
resolution. The subscript “2154” indicates that it reprojects from EPSG:4326 to EPSG:2154. A%
represents RMSE change percentage compared to baselines. The | indicates a decrease.

8 m to 30 m 3 mto30 m
Type DEM
RMSE A% RMSE A%
DSM COP30y154 3.7482 3.7393
DTM FABDEM54 1.8312 1.8274
DTM FathomDEMy54 1.2737 1.2721
172.02 17176
DTM JSPSR 1.0488 1 42.73  1.0558 14222
117.66 17

Metric [Unit]: RMSE [m)].

5. Discussion

The most significant benefit of JSPSR over SISR-derived methods, such as EDSR,
is its fundamental approach to the problem. EDSR treats a DEM as a standard image,
aiming to synthesise high-frequency texture details [30]. However, DEMs, especially
high-resolution DEMs in low-relief areas, are devoid of such textures, leading to EDSR
underperformance (RMSE of ~2.4 m). In contrast, JSPSR re-frames the task as a height
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correction problem in three-dimensional space. By leveraging guidance from imagery
and other spatial data, it learns to correct elevations based on information from different
modalities (e.g., image features and semantic features) rather than merely elevation. This
results in a 56% improvement in RMSE over EDSR.

In addition, the benefit of the tailored data scaling is worth emphasising. Severe
skew in elevation values towards zero is characteristic of real-world, high-resolution DEMs
in low-relief areas and hinders neural network performance [65]. The proposed relative
elevation log-min-max scaling method was explicitly designed to address this distribution
flaw. The ablation study confirmed that this approach alone provided a ~15% boost in
RMSE. This improvement is applied universally across all models under examination,
including the other two compared models (i.e., DepthCompletion and LRRU).

However, the model’s performance in high-relief areas reveals a key limitation: its
dependence on the topographic diversity of the training data. Future work will focus on
incorporating more varied and balanced terrain into the training process and exploring
the integration of additional data modalities, such as multispectral imagery and ICESat-2
(Ice, Cloud, and Land Elevation Satellite-2) data, to improve generalisation and overcome
persistent challenges like accurately estimating ground elevation under dense vegetation.

Due to its multi-modal fusion capabilities, JSPSR has considerable potential for ap-
plication in other geospatial tasks, such as remote sensing images of trees (or buildings,
riverbanks, water, etc.) segmentation. Existing segmentation methods mainly utilise a sin-
gle input data during training of networks (excluding post-processing, which may involve
other data), such as images or point clouds, to predict semantic boundaries. They either lack
height information or vision information, which limits the network performance. JSPSR can
simultaneously join two or more modalities to predict segmentation, thereby potentially
achieving superior performance. Moreover, JSPSR strikes an exceptional balance between
performance, parameter efficiency, and inference speed. These advantages open new possi-
bilities for large-scale hydrological modelling, flood risk assessment, and environmental
monitoring, particularly for researchers and organisations operating with limited resources.
Further research is required to test JSPSR for additional locations and its implications for
hydrological model accuracy.

While commercial high-resolution DEMs from corporations like Airbus (World DEM)
or Maxar (Precision3D) exist, this study addresses a critical problem: the urgent need for
high-quality, open-access, and globally consistent bare-earth elevation data. The signifi-
cance of the JSPSR method lies not in its ability to compete with commercial products in
terms of absolute accuracy for a specific locale, but rather in offering a viable, scalable,
and democratising alternative for applications where commercial data is impractical. It pro-
vides an option to a future where anyone, anywhere, can access high-resolution bare-earth
elevation data without prohibitive cost, licensing restrictions, or concerns about data con-
sistency, as called for by Schumann and Bates [17]. As outlined by Winsemius et al. [82] in
their response, such a DEM would find uses beyond flood hazard assessment, including in
morphology, cadastral digitization and landslide predictions. Winsemius et al. [82] further
call for such efforts to be concentrated in areas which may benefit most, especially devel-
oping countries with no local resources available to obtain or produce a high-resolution,
high-accuracy DEM, particularly given the disproportionally high exposure of poor people
to floods and droughts [83]. Our JSPSR method is able to achieve improved accuracy and
spatial resolution at lower computational cost, from widely available high resolution im-
agery alongside global elevation data, and may be further improved through the inclusion
of additional guidance data.
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6. Conclusions

This study successfully introduced and validated the Joint Spatial Propagation Super-
Resolution networks (JSPSRs), a novel deep learning framework that addresses the critical
challenge of generating high-resolution, high-accuracy bare-earth DEMs from globally
available, low-resolution DSMs. In addition, it developed a ready-to-analyse dataset for
real-world DEM SR problems based on publicly accessible datasets in low-relief areas.
By integrating principles from depth completion, specifically Guided Image Filtering (GIF)
and non-local Spatial Propagation Networks (SPNs), and the relative elevation log-min—
max scaling, JSPSR demonstrates a significant advancement over existing Single Image
Super-Resolution (SISR) methods for real-world DEM enhancement. The experimental
results suggest that JSPSR outperforms the investigated interpolation, SISR and depth
completion methods in real-world DEM SR tasks. By learning from the guidance data,
our method improved accuracy (RMSE) by 71.74% and reconstruction quality (PSNR) by
22.9% on the 30 m to 8 m resolution task compared to Bicubic interpolation. Compared to
EDSR in the same task, it decreases RMSE by 56.03% and increases PSNR by 13.8%. Our
method may have the potential to be applied to other elevation-related tasks. For DSM-
to-DTM problems, our method achieved a 72.02% accuracy improvement (RMSE) at the
30 m resolution compared to COP30, outperforming FathomDEM by 17.66%. If this
improvement can be replicated for other locations, it would enable the development of an
accurate, global, low-cost, high-resolution bare-earth elevation model.
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Appendix A. Supplementary Methods
Appendix A.1. Data Assembly

Figure A1 summarises processes from source data to training tensors. The DFC2022
dataset provides land-use mask data for two regions, derived from the Urban Atlas 2012
dataset. For the remaining fourteen regions, we supplemented the land use masks with
those from the Urban Atlas 2012 dataset. To avoid class mixing (multi-class pixels) when
rasterising and resampling the land use masks from vector to raster, we converted the
original vector data to one-hot multi-channel raster data, where each class has a dedi-
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cated channel, allowing a pixel to belong to different classes simultaneously (process 1 in
Figure A1). We dropped the test partition of the DFC2022 dataset because it lacks georefer-
ence information. Since the Urban Atlas 2012 dataset covers smaller areas than images and
DEMs, pixels excluded from the Urban Atlas 2012 dataset coverage were categorised as the
“No information” class. In addition, for the consistency and integrity of raster data, we filled
no-data pixels (mainly water areas) in high-resolution DTMs using COP30 corresponding
pixels (process 2 in Figure A1), ensuring all DTM pixels were valid for model training and
testing. In addition, all samples were transformed to a Coordinate Reference System (CRS)
of EPSG:2154 (Lambert-93 /RGF93 vl—France) (process 3 in Figure Al), the same as the
DFC2022 dataset, to maximise the use of the high-resolution data.

MiniFrance DFC2022 DFC30
BD ORTHO —>» Image _— Image ———> High-resolution image

High-resolution

UrbanAtlas 2012 —>» Landuse mask ——>» Landusemask —1—>» e e

RGE ALTI > DTM —2—> High-resolution DTM
FathomDEM 3 » Low-resolution DTM

FABDEM

» Low-resolution DTM

w
A

» Low-resolution DSM

w
A

Copernicus DEM GLO-30

HighResCanopyHeight 3 » High-resolution CHM
; :
4 5
\ 4
Processes
1. Land use mask enhancement
. High-resolution High-resolution
o noiementmisshgldatay derived image derived image
+ Vector to raster;
* One-hot encoding; High-resolution High-resolution
+ Extend channels. derived derived
Land use mask Land use mask
2. Fill nodata
High-resolution High-resolution
\ * Fill no data with COP30. | ‘ derived DTM derived DTM
3. Reprojection Low-resolution Low-resolution
J « Reproject CRS to EPSG:2154. ‘ ‘ R A St
: Low-resolution Low-resolution
D AlElproDIRCesSiNg derived DTM derived DTM
* Resample to 8 meter/pixel;
+ Pad to 128x128 pixel. Low-resolution Low-resolution
derived DSM derived DSM
5. Data pre-processing
1 + Resample to 3 meter/pixel. ‘ ‘ High-resolution High-resolution
derived CHM derived CHM
6. To tensor
* Augmentation; 6 6
* Crop to 128x128 pixel (optional); \/ \4
* Relative elevation;
* Log-min-max scaling. Tensor for 30 mto 8 m Tensor for 30 mto 3 m

Figure A1. Data assembling and processing workflow. The MiniFrance dataset [61] first defined the
geospatial boundary of samples and clipped samples from the remote sensing image dataset BD
ORTHO [62] and the land use mask dataset UrbanAtlas 2012 [63]. Then, the DFC2022 dataset [59] com-
plemented the DTM samples from the RGE ALTI dataset [64]. We further supplemented DSM samples
from Copernicus DEM GLO-30 (COP30) [12], DTM samples from FABDEM [13] and FathomDEM [14],
and Canopy Height Map (CHM) samples from HighResCanopyHeight dataset [58]. To accelerate
tensor transformation, the DFC30 dataset was preprocessed, denoted as DFC30-8m dataset for the
30 m to 8 m SR task and the DFC30-3m dataset for the 30 m to 3 m SR task.
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All samples were resampled to the target resolutions (8 m and 3 m resolution) us-
ing bicubic interpolation to either upsample the low-resolution DTMs and DSMs from
~30 m resolution, or downsample the high-resolution DTMs, images, CHM, and land
use masks from high resolutions, to the target resolutions. After this preprocessing, we
generated an 8 m resolution dataset on pixels of 128 x 128 (including paddings) per sample
(process 4 in Figure A1), with a total of ~65.2 million pixels, denoted as DFC30-8m, and a
3 m resolution dataset on pixels of 334 x 334 per sample (process 5 in Figure Al), with a
total of ~444.1 million pixels, denoted as DFC30-3m. In brief, each of the DFC30-8m and
DFC30-3m datasets contained 3981 samples with resolutions of 8 m and 3 m, respectively.
Each sample included a low-resolution derived DSM, two low-resolution derived DTMs,
a high-resolution derived DTM, a high-resolution derived RGB image, a high-resolution
derived CHM and a high-resolution derived land use mask within each sample.

Appendix A.2. Metric Calculation Details

We calculated metrics iteratively on each batch, namely online mode, and once after
an epoch, namely offline mode. Some metrics, such as RMSE and PSNR, differed between
the online and offline calculation modes. Taking RMSE as an example, the online mode
calculates and stores each batch’s RMSE during an evaluation procedure and then averages
all the stored batch RMSE:s as follows:

18 | & -
RMSEpjine = M Z $ 2(7-[1 - Higt)Z/Br (A1)
i=1 i=1

where M denotes the iteration number of each epoch, B denotes the batch size. Specifically,
this work defines the evaluation batch size as 1. Thus, the online mode RMSE is the average
of the RMSE for each prediction in this case.

The benefits of the online mode are that it reveals trends during an epoch’s training
and has low memory consumption. In contrast, the offline mode calculates the RMSE for
all predictions as described in Equation (9), which requires more memory space. However,
online mode calculations can be unreliable for specific metrics under certain scenarios.
For instance, if a batch sample is located entirely on the water, such as a lake or sea,
the prediction could be identical or close to its corresponding ground truth. Under these
circumstances, referring to Equation (13), the batch PSNR will be large due to the denomi-
nator (i.e., RMSE) being close to zero, resulting in an abnormally high online mode PSNR
compared to the offline mode PSNR.

Since our DEM dataset contained samples from within a lake or sea, we adopted an
offline mode as the calculation mode to provide a comprehensive description of the results.
The metrics in this paper are offline mode values by default unless explicitly labelled as the
online mode.

Appendix A.3. Training Set and Test Set Splitting

To maximise the use of data, we split the dataset into a training set (13 regions)
and a test set (3 regions). The division was based on sample size, where the training set
contains four times the number of samples in the test set (approximating an 80%/,/20% ratio).
Figure A2 summarises the elevation, slope and land use class distributions for both sets.
Specifically, the training set and test set sizes are 3182 and 799 for DFC30-8m, and 28,638
and 7191 for DFC30-3m. We maintained a fixed train/test split using a predefined list,
while shuffling sample order in the dataloader during training.
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Figure A2. The training/test split details. (a) The region location of the training/test split;
(b) the elevation distribution by boxplot for pixels in the train set and test set; (c) the slope dis-
tribution by boxplot for pixels in the train set and test set; (d) the category distribution by percentage
of pixels in the train set and test set.
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Highlights

What are the main findings?

* We propose a pipeline designed to enhance cross-view geo-localization (CVGL) by
integrating novel view synthesis. The core of our framework reduces the cross-view
feature discrepancy through the generation of perspective-aware overhead images,
leading to superior geo-localization accuracy.

* A novel camera pose generation method is specifically designed for autonomous driving
scenarios to address the challenge of missing vertical view pose.

What are the implications of the main findings?

¢ The proposed method establishes a continuous feature transition between street-level
and satellite imagery, thereby enhancing the model’s capability in cross-view geo-
localization tasks.

¢ By integrating 3D Gaussian Splatting (3DGS)-based novel view synthesis into deep
learning frameworks for CVGL, our approach enables the autonomous generation of
corresponding bird’s-eye-view images directly from street-view inputs.

Abstract

Cross-view geo-localization allows an agent to determine its own position by retrieving the
same scene from images taken from dramatically different perspectives. However, image
matching and retrieval face significant challenges due to substantial viewpoint differences,
unknown orientations, and considerable geometric distribution disparities between cross-
view images. To this end, we propose a cross-view geo-localization framework based on
novel view synthesis that generates pseudo aerial-view images from given street-view
scenes to reduce the view discrepancies, thereby improving the performance of cross-view
geo-localization. Specifically, we first employ 3D Gaussian splatting to generate new
aerial images from the street-view image sequence, where COLMAP is used to obtain
initial camera poses and sparse point clouds. To identify optimal matching viewpoints
from reconstructed 3D scenes, we design an effective camera pose estimation strategy.
By increasing the tilt angle between the photographic axis and the horizontal plane, the
geometric consistency between the newly generated aerial images and the real ones can
be improved. After that, the DINOv2 is employed to design a simple yet efficient mixed
feature enhancement module, followed by the InfoNCE loss for cross-view geo-localization.
Experimental results on the KITTI dataset demonstrate that our approach can significantly
improve cross-view matching accuracy under large viewpoint disparities and achieve
state-of-the-art localization performance.

Remote Sens. 2025, 17, 3673 https://doi.org/10.3390/rs17223673
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1. Introduction

Vision-based localization is a fundamental technology in many intelligent systems,
including autonomous driving [1], augmented reality [2], and mobile robotics [3]. However,
traditional localization approaches that rely on ground-level image databases suffer from
several inherent limitations. Firstly, ground images often provide limited coverage, making
it difficult to meet the requirements of large-scale environments. Secondly, such datasets
depend heavily on costly manual GPS annotation [4,5], which struggle to handle cross-view
or multi-scale variations. In addition, ground-level images are sensitive to environmental
change, including illumination, weather, and season, resulting in poor robustness. More
critically, these methods are effective only when operating within similar view points,
whose imaging perspectives are not significantly different. In some extreme matching
applications between ground-level (street) views and aerial-level (satellite or UAV) views,
conventional approaches struggle to establish reliable correspondences. To overcome this
problem, cross-view geo-localization has recently become a promising research direction [6].
This task leverages satellite images as reference, which inherently provides wide spatial cov-
erage with precise GPS labels. By establishing correspondences between ground-level and
aerial-level images, it becomes possible to overcome the challenges of viewpoint variations,
thereby enabling a robust localization even in GPS-denied environments. Nevertheless,
cross-view geo-localization remains highly challenging due to the significant domain gap
between aerial and ground perspectives. Early studies primarily relied on handcrafted
features such as SIFT [7], SURF [8], and ORB [9] descriptors. These approaches attempted to
exploit invariances in local gradients or texture patterns to build correspondences between
images. Such handcrafted features are simple but inherently limited, as they are unable to
capture semantic-level similarities under large viewpoint and scale variations, leading to
significant performance degradation.

With the rapid development of deep learning, researchers have shifted their focus
to learning deep feature representations [10-12]. CNN-based methods became dominant
owing to their ability to provide robust representations invariant to photometric distortions.
Workman et al. [6] first explored CNN-based features for cross-view matching based on
the assumption that high-level semantic features from pre-trained networks encode geo-
graphical information. Subsequent studies incorporated more advanced backbones such
as VGG [13], ResNet [14], and DenseNet [15-17], significantly improving retrieval perfor-
mance. In addition to architectural improvements, metric learning played a pivotal role in
forming discriminative embeddings through losses such as soft-margin triplet loss [18] and
global descriptor networks like NetVLAD. Orientation-aware strategies were also devel-
oped, including coordinate embedding [19] and geometric transformation techniques [20]
to reduce perspective distortions. More recently, Transformer-based architectures have
gained attention for their ability to model long-range dependencies and global context,
with several studies demonstrating their strong potential in capturing complex cross-view
relationships. These approaches have shown particular effectiveness in handling large
perspective changes and complex urban scenarios through self-attention mechanisms and
adaptive feature learning.

Despite considerable progress, significant challenges also persist. The most critical
issue stems from the severe perspective discrepancy between ground and aerial images:
ground-level photos typically offer horizontal, often occluded views, while aerial images
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provide vertical, unobstructed overviews. This discrepancy is further exacerbated when
using standard non-panoramic cameras in practical settings, where limited field of view
results in substantial information loss, making consistent geometric correspondence dif-
ficult to establish. Another major challenge arises from the pronounced domain shift in
imaging conditions, including variations in illumination, scale, and resolution. Ground
images are often affected by dynamic lighting changes, while aerial views are generally
captured under uniform natural light but at drastically different scales and typically with
coarser spatial resolution. These intrinsic differences hinder the learning of invariant fea-
ture. Furthermore, semantic ambiguity poses a significant obstacle, particularly in areas
with high visual self-similarity such as highways, farmlands, or repetitive urban structures.
While such regions appear homogeneous from an aerial perspective, they exhibit distinct
characteristics at ground level, leading to mismatches in feature space. These challenges
highlight the need for innovative frameworks capable of bridging the large domain gap
through both geometric reasoning and discriminative representation learning.

In recent years, generative models such as Generative Adversarial Networks
(GANSs) [21] and Neural Radiance Fields (NeRFs) [22] have opened new pathways for
3D scene reconstruction and localization through view synthesis. These methods aim to
reconstruct realistic 3D scenes from multiple 2D images captured from different viewpoints,
offering promising strategies for mitigating the domain gap in cross-view matching tasks.
By learning implicit representations of geometry and appearance, they enhance feature
consistency across highly divergent perspectives. Recent advances in 3D Gaussian Splatting
(3DGS) [23] have demonstrated remarkable efficiency in high-fidelity novel view synthesis,
achieving real-time rendering performance(often exceeding 100 frames per second) while
preserving geometric detail. In contrast to NeRF’s implicit volumetric representation,
3DGS explicitly models a scene using millions of Gaussian ellipsoids, which enables direct
manipulation (e.g., moving, deleting, or modifying elements), greatly improving editability.
Although 3DGS typically requires more storage due to a larger number of parameters, its
computational efficiency during rendering leads to better overall memory utility compared
to NeRF-based methods. Furthermore, 3DGS shows superior adaptability to dynamic
scenes. While native NeRF is generally confined to static settings and requires non-trivial
extensions to model motion, 3DGS can natively handle dynamics through mechanisms
such as deformation fields. In terms of initialization, NeRF usually demands hundreds
of input views for stable convergence, whereas 3DGS can start from a sparse point cloud
generated via Structure-from-Motion (5fM), reducing data requirements and broadening
applicability. These properties make 3DGS particularly suitable for applications requiring
real-time interaction and high render efficiency, such as virtual reality, augmented reality,
and interactive scene editing.

In this paper, we propose a novel cross-view geo-localization framework based on 3D
Gaussian splatting, which synthesizes novel images of large tilt angles from street-view
inputs to effectively bridge the domain gap between ground and aerial views. Specifi-
cally, for initializing the 3D Gaussians, we employ COLMAP [24] to estimate accurate
camera poses and sparse point clouds from street-level imagery. Furthermore, we design a
dedicated camera pose estimation strategy that determines optimal aerial viewpoints by
progressively increasing the tilt angle of the photographic axis relative to the horizontal
plane. This approach enhances the geometric consistency and realism of the synthesized
aerial images. After synthesizing the novel aerial views, we process them through a mixed
feature enhancement module that leverages both DINOv2 [25] and a feature-mixer network
to extract discriminative and robust representations. These features are then used to per-
form cross-view matching. The entire framework is trained end-to-end using the InfoNCE
loss, which facilitates effective learning of viewpoint-invariant features. Experimental
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results demonstrate that compared to purely Transformer-based methods such as TransGeo
and other advanced network backbones, the novel view images synthesized by 3DGS in
our method significantly enhance retrieval accuracy by effectively reducing the domain
gap. Furthermore, the mixed feature enhancement network based on DINOv2 employed
in our framework exhibits stronger feature retrieval capabilities, further improving re-
trieval performance. Extensive experiments on the KITTI dataset [26] demonstrate that our
method effectively overcoming large perspective disparities and achieving state-of-the-art
retrieval performance.
In summary, our contributions are as follows:

e We introduce a novel cross-view geo-localization framework based on 3D Gaussian
splatting, which synthesizes highly realistic aerial-view images from ground-level in-
puts. This approach explicitly mitigates severe perspective and domain gaps between
the two view images by generating geometrically consistent intermediate viewpoints.

*  We design a dedicated camera pose estimation strategy that progressively optimizes
virtual aerial viewpoints by increasing the tilt angle of the camera axis. This method
ensures high-fidelity view synthesis within 3D Gaussian-reconstructed scenes. Fur-
thermore, we integrate DINOv?2 as a robust feature extraction backbone to capture
more discriminative representations, enhancing the performance of cross-view match-
ing.

e  Experiments demonstrate that our method significantly improves cross-view matching
and localization accuracy, particularly under large perspective changes and challeng-
ing urban scenarios

2. Related Works
2.1. Cross-View Geo-Localization

Early studies in cross-view geo-localization [27-29] primarily relied on handcrafted
feature descriptors such as self-similarity patterns and color histograms. Although intuitive,
these manually designed features exhibited limited discriminative power due to their sen-
sitivity to illumination changes, scale variations, and significant viewpoint shifts, thereby
restricting their practical applicability. Driven by the progress in deep learning, apart from
their first exploration of CNN-based feature extraction for cross-view matching, subsequent
work of Workman et al. [30] fine-tuned networks using contrastive losses to minimize fea-
ture distances between cross-view image pairs. They also established the CVUSA dataset,
which has become one of the most widely used datasets in this field. Inspired by advances
in face recognition, Lin et al. [31] employed a siamese architecture optimized with con-
trastive loss [32-35], while Zhai et al. [36] integrated NetVLAD modules [37] to enhance
robustness against viewpoint variations.

Another significant research direction focuses on metric learning, which aims to de-
vise specialized objective functions that promote discriminative feature embedding. Vo
et al. [18] introduced a soft-margin triplet loss as a standard training objective, improv-
ing generalization through better geometric adaptation. Hu et al. [38] further embedded
NetVLAD layers into the backbone network to generate highly compact global descrip-
tors. To address the problem of slow convergence, they proposed a weighted soft-margin
ranking loss that adaptively scales distances between positive and negative pairs, thereby
accelerating training and boosting retrieval precision. Despite these advances, a common
limitation among these methods is their over-reliance on global feature matching, often
overlooking finer-grained contextual information.

Further investigations have addressed the fundamental challenge of cross-view do-
main gap. Liu et al. [19] explicitly incorporated orientation awareness by embedding
coordinate information into the feature learning process, significantly improving spatial
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discriminability. Shi et al. [20] proposed a polar transformation technique to align the
spatial layout of remote sensing images with street-view perspectives. While effective
under ideal conditions, this geometric prior is sensitive to misalignment in image centers
and may introduce harmful distortions that degrade localization accuracy.

In recent years, Vision Transformer (ViT)-based frameworks have gained prominence
in cross-view geo-localization by leveraging their superior capability in capturing long-
range dependencies and global contextual relationships compared to CNNs. These ap-
proaches have demonstrated state-of-the-art performance in matching ground and aerial
images under significant viewpoint changes. He et al. [39] introduced a multi-view scene
matching framework based on a dual-attention Vision Transformer, which enhances global
feature modeling and strengthens contextual correlations between adjacent regions. To
address sample imbalance between ground and aerial images, a contrastive loss function
was incorporated to improve learning efficiency and feature alignment. Pillai et al. [40]
proposed a GeoAdapter module capable of aggregating image-level representations and
adapting them for video-sequence inputs. They also designed a TransRetriever archi-
tecture to resolve temporal inconsistencies in trajectory data by predicting per-frame
GPS coordinates, thereby supporting robust video-based cross-view localization. Zhu
et al. [41] developed TransGeo, a pure ViT-based framework that eliminates conventional
pre-processing steps such as polar transformation and data augmentation. The model
employs adaptive sharpness-aware minimization (ASAM) [42] to optimize the sharpness
of the loss landscape, effectively mitigating overfitting and improving generalization. Fur-
thermore, TransGeo incorporates an attention-guided non-uniform cropping strategy that
selectively removes occluded regions in satellite imagery—which contribute minimally to
street-view matching—while increasing resolution in semantically salient areas.

2.2. Novel View Synthesis

Novel view synthesis (NVS), the task of generating photorealistic images of a scene
from arbitrary viewpoints, has become valuable in applications such as cross-view geo-
localization [43,44]. Driven by neural rendering [45], two paradigms have become particu-
larly dominant: NeRF and 3D Gaussian Splatting (3DGS). This section reviews seminal and
representative works from both categories that form the foundation of modern real-time,
high-fidelity view synthesis.

NeRF pioneered a new approach by representing a static scene as a continuous implicit
function encoded by a multi-layer perceptron (MLP). This function maps 5D coordinates
(3D location and 2D viewing direction) to volume density and view-dependent radiance.
Images are rendered by querying this MLP along camera rays and integrating colors and
densities using classical volume rendering. While the original NeRF achieved state-of-the-
art quality, its slow training and rendering speeds motivated extensive subsequent research.
To address aliasing and improve detail rendering at various scales, Barron et al. introduced
Mip-NeRF [46], which models the volume of a conical frustum rather than an infinitesimal
ray. Concurrently, significant efforts targeted computational bottlenecks: Plenoxels [47]
replaced the MLP with an explicit voxel grid parametrized by spherical harmonics coeffi-
cients, drastically reducing training time. Building on this, Instant-NGP [48] introduced
multi-resolution hash encodings, enabling high-quality NeRF training in seconds to min-
utes. D-NeRF [49] incorporated a deformation network and latent appearance codes to
model dynamic scenes from a single canonical representation. These advancements col-
lectively established NeRF as a powerful and versatile, albeit computationally intensive,
method for high-fidelity view synthesis.

While NeRF-based methods excel in quality, their reliance on dense sampling of
an implicit function often hinders real-time rendering. 3DGS emerged as a transforma-
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tive approach. It employs an explicit scene representation composed of millions of 3D
Gaussians that are rendered in real-time using a differentiable tile-based rasterizer. By
combining the explicit nature of point-based rendering with a volumetric interpretation and
a highly optimized GPU pipeline, 3DGS achieves state-of-the-art visual quality at real-time
speeds. The interpretable nature of Gaussian primitives has facilitated several significant
extensions. Four-dimensional Gaussian Splatting [50] models temporal evolution using
compact decompositions into temporal basis functions for dynamic scenes; relightable
three-dimensional Gaussians [51] decompose appearance into material properties for real-
istic relighting under novel illumination. Furthermore, there are other improvements of
3DGS including high-quality surface extraction, few-view synthesis, and memory-efficient
deployment. In summary, 3DGS has undergone rapid development and is gaining signifi-
cant momentum in the field of 3D reconstruction.

In this work, we propose a novel method that addresses the domain gap in cross-view
geo-localization by leveraging 3DGS. Street-view scenes are reconstructed with high fidelity,
enabling the rapid synthesis of pseudo images from larger tilt angles. These synthesized
views serve as crucial data augmentation, providing our deep retrieval network with a
richer, more spatially aware dataset. By training on this augmented dataset, the model
learns features that effectively bridge the visual and geometric gap between the two view
pairs, thereby significantly enhancing accuracy and robustness in cross-view retrieval—a
capability beyond what conventional datasets alone can provide.

3. Method

As illustrated in Figure 1, the paper presents the overall architecture of our proposed
pipeline based on 3D Gaussian splatting. We first employ 3DGS to synthesize correspond-
ing pseudo aerial-view images from a sequence of street-view images as input, where a
central contribution is an effective camera pose generation strategy that actively identifies
optimal aerial viewpoints to maximize geometric and semantic alignment with the original
street-view scenes. Subsequently, we introduce a mixed feature enhancement module
designed to extract highly discriminative features from both street-view and synthesized
aerial-view images. This module integrates multi-scale contextual cues to enhance rep-
resentation learning, thereby improving robustness against cross-domain discrepancies.
For network training, a supervised contrastive learning framework is adopted using the
InfoNCE loss, which effectively leverages all available negative samples within batches
to promote enhanced feature separation and clustering across views. This strategy signifi-
cantly improves the model’s capability to accurately match street-view queries with their
corresponding geo-referenced aerial images under challenging conditions.

3.1. Preliminaries on 3D Gaussian Splatting

Unlike methods based on NeRF that rely on implicit representations, 3DGS models
a scene as a collection of explicit, point-based 3D Gaussians. This approach offers a
compelling trade-off between rendering quality and computational efficiency. Each 3D
Gaussian is defined by a set of trainable parameters that are optimized to accurately
represent the scene geometry and appearance.

Each individual 3D Gaussian is parameterized by the following attributes:

Position (): The mean vector u specifies the centroid of the Gaussian in 3D world
coordinates. These positions are initialized directly from a sparse point cloud, which is
typically reconstructed using a Structure-from-Motion (SfM) algorithm like COLMAP.

Covariance Matrix (X): The covariance matrix ), defines the shape, size, and ori-
entation of the Gaussian ellipsoid. To ensure }; is a positive semi-definite matrix, it is
parameterized by a scaling matrix S and a rotation matrix R, which correspond to the
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ellipsoid’s axes lengths and orientation, respectively. This decomposition ensures the
validity of the covariance matrix during optimization. The relationship is expressed as

T = RSSTRT, 1)

where S = diag(sy, sy, s;) is a diagonal matrix of scaling factors. The initial scaling parame-
ters are adaptively determined based on the local density of the SfM point cloud, ensuring
that denser regions are initialized with smaller Gaussian radii to preserve fine details.

Pseudo Aerial-view Image Synthesis Mixed Feture Enhancement
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Figure 1. The architecture of the proposed 3D Gaussian splatting-based cross-view geo-localization
framework. We first propose a pseudo aerial-view image synthesis module, which leverages the 3D
Gaussian splatting combined with an effective camera pose generation strategy to render new-view
images for data augmentation. Then, we propose a mixed feature enhancement module to obtain
discriminative features for retrieval.

Color (c): The view-dependent color of each Gaussian is represented using a set of
Spherical Harmonics (SH) coefficients. This representation allows for the efficient encoding
of directional lighting and reflections. The SH coefficients are initialized by averaging the
multi-view colors of the points from which the Gaussians are initialized. Specifically, the
initial coefficients are computed as

. 1 &
SH coefficients = N 1; I;(6,¢9), ()

where I;(6, ¢) denotes the color intensity at spherical coordinates (6, ¢) for the i-th of the N
input views.

Opacity («): A scalar value ranging from 0 to 1, opacity determines the transparency of
each Gaussian. It is initialized to 0.5 and subsequently optimized through a gradient-based
approach to control the blending of Gaussians during rendering.

To render a novel view, the 3D Gaussians must be projected onto a 2D image plane.
This projection is a non-linear process, but 3DGS leverages a local affine approximation to
make it computationally efficient. This is achieved by performing a second-order Taylor
expansion of the perspective projection transformation centered at the centroid of Gaussians.
The resulting projection of the 3D Gaussian covariance matrix X into the 2D screen space,
denoted as ¥/, is computed as

¥ = JWZWTJT, 3)
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where W is the view transformation matrix and J is the Jacobian matrix representing the
local linear approximation of the projection. This formulation ensures that the projected 3D
Gaussians remain as 2D ellipses, which can be efficiently rasterized.

The final rendering process is performed using a tile-based rasterization pipeline. The
2D screen space is partitioned into pixel tiles to manage computational complexity. A
filtering step, including frustum culling and bounding box tests, is first applied to retain
only the Gaussians that fall within the current view frustum and can influence a given tile.
Within each tile, the Gaussians are depth-sorted from front-to-back and blended using an
alpha compositing formula to compute the final pixel color:

i—1

C= Zciail—[(l - lX]) (4)

j=1

where ¢; and «; represent the color and opacity of the i-th Gaussian, respectively. This
rasterization-based approach bypasses the need for repeated, per-ray MLP inferences
characteristic of NeRF, which significantly accelerates the rendering process and enables
real-time frame rates.

3.2. Pseudo Aerial-View Image Synthesis

To effectively mitigate the perspective gap between street-view and aerial-view images,
we design a synthesis strategy of pseudo aerial-view images directly from ground-level
inputs. 3DGS combines explicit 3D representation with differentiable rendering. Its prin-
ciple involves optimizing millions of parameterized 3D Gaussian ellipsoids to achieve
high-quality real-time view synthesis. Capitalizing on these capabilities, we introduce an
aerial-view synthesis module based on 3DGS to generate highly realistic pseudo-aerial
images from street-view sequences. To the best of our knowledge, this work pioneers the
use of 3D Gaussian Splatting (3DGS) to synthesize a pseudo aerial image from a given
street-view image, effectively bridging the disparity between these two perspectives. The
overall architecture of the proposed system is depicted in Figure 1.

Specifically, our approach utilizes a pre-trained 3DGS model to synthesizes multi-
perspective images with larger tilt angles using a trained model. By processing sequences
of street-view images, the model produces a variety of synthetic aerial perspectives that
collectively form a enriched cross-view dataset, thereby enhancing feature alignment and
improving match accuracy. We first employ COLMAP to estimate corresponding cam-
era poses and reconstruct a sparse point cloud. This point cloud subsequently serves
as the initial set of 3D Gaussian primitives, each defined by properties such as position,
anisotropic covariance, opacity, and view-dependent color represented via spherical har-
monics. These primitives undergo iterative optimization alongside the input images using
gradient descent, minimizing a reconstruction loss that compares rendered against actual
views. For novel view rendering, each Gaussian is projected into 2D screen space through a
differentiable splatting process, followed by alpha-blending of overlapping points based on
depth ordering. The entire pipeline supports rendering from arbitrary viewpoints, allowing
flexible generation of pseudo-aerial images that exhibit high geometric and photometric
consistency with the original street-level scene.

However, in practice, acquiring ideal 360° video streams to extract sufficient contin-
uous images for training is often infeasible. This limitation makes it difficult for 3DGS
to directly synthesize the required images. To overcome this problem, we introduce a
two-step method to compute an optimal camera pose for a given tilt angle: (1) determining
the 3D coordinates of the camera’s optical center and (2) computing the corresponding
rotation matrix.
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The process of estimating the camera’s optical center position involves finding both the
average point cloud center and the average plane normal vector. The strategy for finding
the average point cloud center leverages the prior knowledge that the captured altitude of
street-view images remains relatively consistent. We hypothesize that the optimal camera
viewpoint should position its optical center collinear with the centroid of the average point
cloud, thereby maximizing scene coverage and information acquisition. The average point
cloud center is calculated as follows:

t;, (5)

I

I
S|
.MS

1

where t; = (x,,z) " refers to the 3D coordinates of the i-th point of all n points.

After computing the point cloud’s average center, we proceed to estimate the camera
pose. The normal vector of a plane is determined using three key points: the average center
of the point cloud together with the optical centers from any two images. By iterating
this procedure across multiple image pairs, we obtain a set of candidate normal vectors.
Principal Component Analysis (PCA) is then applied to filter these candidates, yielding a
robust average normal vector that guides the orientation adjustment of the camera’s optical
center. The process is illustrated in Figure 2, and corresponding formulation is written as

1

N:n—l

[(P; — &) x (Piey — £)], (6)

-

=2

where P; denotes the optical center coordinates of the i-th image, 7 is the total number of
images captured by the platform, and X indicates the cross product of two vectors. It is
important to note that reversing the order of the vectors in the cross product yields a normal
vector in the opposite direction. To ensure consistency, our method computes each pairwise
product only once while retaining a consistent vector order throughout the process. The
computed average plane normal vector A plays a critical role in aligning the camera’s
optical axis. By incorporating this geometric prior, we optimally adjust the orientation of
the camera’s optical center for subsequent rendering steps. This adjusted pose, combined
with the 3D Gaussian representations and original camera pose data, enables the synthesis
of high-quality 2D images from strategically chosen aerial viewpoints. Ultimately, this
pipeline allows us to generate highly realistic pseudo aerial-view images directly from the
input street-view sequences, effectively bridging the perspective gap between ground and

’ Optimal Camera Pose
/,,\» Norm C, Camera Pose 3

/ Camera Pose 2
_________________________ ‘Q Camera Pose 1

Figure 2. The process of solving the average plane normal vector and the optimal camera pose.

aerial imagery.

Point Cloud

3.3. Mixed Features Enhancement

In recent years, foundational vision models have significantly advanced the field of
computer vision by employing deep architectures such as CNNs and Transformers, scaled
to hundreds of millions of parameters. Trained on large and diverse datasets, these models
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exhibit superior representational power and generalization capability. Among these, DI-
NOv2 [25] a self-supervised visual model, learns general-purpose visual representations
directly from unlabeled images, overcoming limitations of supervised pre-training. Accord-
ing to its advantages, we leverage DINOV?2 as a feature extraction backbone to construct a
Mixed Feature Enhancement module for learning discriminative representations for cross-
view retrieval. Note that consistent with many other studies, we employed the pre-trained
weights of DINOv2 without further fine-tuning. As illustrated in Figure 1, the module
first processes both query (street-view or pseudo aerial-view) and reference (aerial) images
using DINOV?2 to extract visual features. A feature-mixing mechanism is then applied to
capture global contextual relationships through cascaded transformations.

Specifically, we combine original street-view and generated pseudo aerial-images into
a unified query set, with original aerial imagery serving as the reference. The goal is to
identify optimal matches where the query and reference images are accurately aligned. The
process begins by dividing an input image into patches and projecting them into patch-level
embeddings. These are fed into DINOv2 to produce pre-trained features, taken from the
last ViT block while excluding the classification head.

Let the pretrained feature map be donated as F € RVN*C, where N is the number of
channels and C is the feature dimension. This can be interpreted as a set of one-dimensional
representations, denoted as

F={Xx},i={1,---,N}. @)

The feature-mixer consists of L successive MLP blocks, which is illustrated in Figure 3.
Each block refines the features by incorporating global interactions through a residual

transformation:
X Wz(a(lei)) +X'i={1,---,N}, )

where Wj and W, are learnable weights of fully connected layer. ¢ denotes the ReLU
activation function. It is desired that the feature-mixer can leverage the capacity of fully
connected layers for holistic feature aggregation. After processing through all L feature-
mixer layers, the final output feature G is given by

G = FM(FMy_(...FM;(F))). )

Note that G has the same size N x C as F. To further reduce the dimension, we adopt a
depth-wise projection that maps G from RN*C to RN*P such as

A

G = Wp(Transpose(G)), (10)

where Wp is the weight of the fully connected layer. Similarly, a row-wise projection that
maps G from RV*P to R"*P is applied, such as

G = W, (Transpose(G)). (11)

Finally, the feature is Ly-normalized to produce the global descriptor for retrieval.

To optimize our model, we adopt the InfoNCE [52] losswe, following the practice [53].
The loss function is defined as
exp(q-r+/7) (12)

L:In oNCE — _log 7
! Y8 exp(q - 1i/7)

where g denotes the query image, which is the street-view image in the method. r and
{ri lNle indicate the reference images. r is the positive sample, while r; is the negative
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sample. Note that for each query g, there is exactly on positive sample 7. The InfoNCE loss
measures similarity via dot products in the latent space, causing the objective to decrease
when the query closely aligns with its positive counterpart and increase when it is similar
to negative samples.

Feature-Mixer |.

\

Figure 3. The detailed architecture of the mixed feature enhancement module.

4. Results
4.1. Dataset and Setting

Dataset. The proposed framework is rigorously evaluated using the KITTI dataset [26]
and the Oxford Robot Car dataset [54] KITTI is a benchmark widely recognized in the field
of autonomous driving and computer vision. The dataset comprises a diverse collection
of image sequences captured by a moving vehicle, encompassing a variety of urban and
suburban environments under different lighting and weather conditions. For the purpose
of our study, the dataset is partitioned into distinct training and testing subsets to ensure a
robust and unbiased evaluation. Specifically, the training set is meticulously curated by
selecting specific trajectories from KITTI, adhering to the inherent serialization of the data
and the requirements of feature-based localization methods like COLMAP [24]. To further
enhance the complexity and generalizability of the evaluation, we adopt the extended
KITTI dataset constructed by Shi [55]. This augmented dataset incorporates corresponding
satellite imagery, thereby enabling a comprehensive cross-view analysis. The dataset is
organized into two distinct test sets, namely Test-1 and Test-2. Notably, Test-2 is specifically
designed to assess the model’s robustness to domain shift, as its image sequences are
deliberately chosen from scenes with significantly different visual characteristics compared
to the training set.

Except for the KITTI dataset, we additionally conducted experiments on other datasets.
Because the sparse nature of the panoramic image sequences in CVUSA, VIGOR, and
TorontoCity dataset fails to provide a good initialization for 3DGS in large-scale scenes,
which leads to degraded reconstruction quality. The Oxford Robot Car dataset is originally
designed for autonomous driving research, which shares a similar data format with KITTIL.
It contains a total of 23,854 valid ground-to-satellite image pairs, divided into 17,067 pairs
for training, 1698 for validation, and 5089 for testing. The street-view images cover a
variety of illumination and weather conditions—including sunny, overcast, and cloudy
scenes—across both summer and winter seasons.From this perspective, we apply the
dataset to further verify our method.

The satellite images are sourced from Google Maps [56], providing a per-pixel ground
resolution of 0.20 m. To facilitate effective training and inference, a large geographical
area covering the vehicle trajectories is first identified. This region is then uniformly
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subdivided into a grid of overlapping satellite image blocks, each with a spatial resolution
of 1280 x 1280 pixels. This block-based approach ensures that the model can handle large-
scale geographical areas efficiently while maintaining sufficient contextual information for
effective localization.

Evaluation Metrics. The performance of our proposed method is quantitatively
assessed using the widely adopted recall at top k (Rk) metric, a standard practice in the
cross-view geo-localization literature [57]. This metric quantifies the retrieval accuracy by
measuring the proportion of query images for which the correct corresponding reference
image is found within the top k retrieved candidates. Specifically, for each query image,
we compute its cosine similarity with all reference images in the embedded feature space.
The top k nearest neighbors are then retrieved. A retrieval is considered successful if the
ground truth reference image is present within this set of top k candidates. This metric
provides a clear and intuitive measure of the model’s ability to localize a street-view image
within a large-scale satellite map.

Experimental Settings. All experiments were conducted on a high-performance com-
puting platform equipped with an NVIDIA GeForce RTX 3080 Ti GPU and an Intel Xeon CPU
operating at 2.40 GHz. Our framework is implemented in PyTorch 1.12, a widely used deep
learning framework, enabling efficient training and deployment. The input resolutions for the
satellite and street-view images were resized to 640 x 640 and 512 x 128 pixels, respectively,
balancing computational efficiency with information preservation. The training process was
configured with a batch size of 16, an initial learning rate of 1le-4, and a total of 100 epochs. The
AdamW optimizer [58] was employed for its superior performance in weight decay regular-
ization. The majority of the hyperparameters were set to align with established practices in the
field to ensure a fair comparison with prior works. The final embedding dimension for both
views was set to 1000. This is a deliberate choice, as it results in a significantly more compact
and efficient representation compared to many conventional CNN-based methods, which
often rely on high-dimensional feature vectors. For 3D Gaussian initialization, regarding the
choice of initial scale based on the local density of the StM point cloud, this strategy was
adopted to adaptively determine the initial size of each Gaussian primitive according to the
spatial distribution of the reconstructed 3D points. In dense regions, a smaller initial scale
helps preserve finer details, while in sparser areas, a larger scale offers better coverage and
stability in optimization. This density-aware initialization leads to more stable training and
higher-quality reconstruction compared to using a uniform initial scale. For the COLMAP
settings, we follow prior works on large-scale outdoor reconstruction. Specifically, the maxi-
mum number of features is set to 8192, “Sequential” is used as the matching strategy, and the
minimum number of matches is set to 15.

In the experiment, we also tested the retrieval results with varying quantities of
synthesized viewpoint images used as training data, specifically 50, 100, 150, and 200 novel
images. The results indicated that using 100 synthesized images yielded better retrieval
performance compared to 50. When the quantity was increased to 150 and 200, no further
significant improvement in retrieval results was observed. Instead, the computational cost
increased. Therefore, considering computational efficiency, 100 images were selected as the
optimal quantity.

4.2. Performance Comparison

To rigorously validate the efficacy of our proposed framework, we conducted a com-
prehensive performance evaluation against several mainstream methods on our designated
test datasets. The quantitative results, summarized in Table 1, unequivocally demonstrate
the superior performance of our approach.
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Table 1. Comparison with different methods on single image based localization. The best results are
highlighted in bold.

Test-1 Test-2
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
CVM-NET [38] 6.43 20.74 32.47 84.07 1.01 4.33 7.52 32.88

Method

CVFT [20] 1.78 7.20 14.40 73.55 0.20 1.29 3.03 16.86
SAFA [59] 4.89 15.77 23.29 87.75 1.62 4.73 7.40 30.13
DSM [60] 13.18 41.16 58.67 97.17 5.38 18.12 28.63 75.70

Zhu et al. [15] 5.26 17.79 28.22 88.44 0.73 3.28 5.66 27.86
Toker et al. [61] 2.79 7.72 11.69 58.92 2.39 5.50 8.90 27.05

CVLNet [55] 17.71 44.56 62.15 98.38 9.38 24.06 34.45 85.00
TransGeo [41] 80.65 97.24 97.31 95.48 17.82 34.08 45.50 90.10
Ours 82.90 98.38 98.43 98.46 19.20 38.04 48.90 91.38

Quantitative Analysis. The results in Table 1 highlight the critical role of our proposed
methodology in enhancing cross-view geo-localization performance. The performance
improvement observed across all metrics is directly attributable to the introduction of
synthesized high-tilt images generated via 3DGS. This novel approach effectively bridges
the inherent domain gap between the query street-view images and the reference satellite-
view images. The results on the Oxford Robot Car dataset are shown in Table 2. It is
shown that on the second dataset, compared to the best-performing method TransGeo
among the comparison methods, our approach still demonstrates superior performance. In
addition, our work introduces a paradigm-shifting insight: leveraging generative models
to synthesize cross-view imagery. This approach illuminates a versatile pathway for a
broader spectrum of cross-view geo-localization challenges. The core methodology, which
translates one data modality into the view of another, can be directly adapted to bridge
other modality gaps. Therefore, it offers a foundational insight for the broader cross-view
geo-localization field.

Table 2. Performance of the proposed method on the Oxford Robot Car dataset. The best results are

highlighted in bold.
Method R@1 R@5 R@10 R@1%
TransGeo [41] 70.14 87.63 9291 94.33
Ours 71.62 89.03 95.41 96.10

By generating these intermediate, geometrically consistent views, our method trans-
forms the complex retrieval task into a more manageable feature matching problem. The
synthesized images provide a richer, multi-perspective representation of the scene, which
significantly improves the similarity measurement between the query and reference do-
mains. This strategic geometric alignment simplifies the feature learning process, leading to
a substantial boost in retrieval accuracy and overall localization performance. The proposed
method consistently surpasses all baseline algorithms, achieving the highest recall rates
and demonstrating its superior robustness and effectiveness. While a Transformer-based
architecture is employed for robust feature extraction, the primary driver for the observed
performance gains is the innovative use of 3DGS to create a more favorable feature space
for cross-view matching.

The synergistic interplay between 3DGS-driven augmentation, DINOv2 features, and
contrastive learning forms the cornerstone of our approach, and its interpretation is key
to understanding the observed performance gains. The synergy is multiplicative: 3DGS
creates the geometric bridge, DINOv2 provides the semantic stability to cross it, and
contrastive learning trains the model to traverse it effectively. This integrated approach
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moves beyond mere data augmentation, providing an end-to-end strategy for closing the
cross-view domain gap.

Qualitative Visualization. To further investigate the efficacy of our proposed query
synthesis method, we present a qualitative analysis of the visual results under two typical
yet challenging scenarios: a suburban scene with dense foliage and an urban environment
with complex building structures. These examples are intended to provide an intuitive
understanding of how our approach successfully bridges the significant domain gap
between ground and aerial views.

Robustness to Foliage Occlusion. Figure 4 illustrates a representative case from a
suburban area, where the street-level view is heavily occluded by trees. In such scenarios,
traditional feature matching methods often fail because the discriminative ground-level
features (e.g., building facades, road markings) are largely invisible in the corresponding
top-down aerial image. As shown in the figure, our model synthesizes a set of pseudo
aerial-views from novel pitch angles. These synthesized images effectively learn to “see
through” the foliage, hallucinating the underlying geometric layout of the road and the
approximate footprint of the building. The synthesized views at 45° and 60° are particularly
crucial, as they create an intermediate representation that shares contextual information
with both the ground-level perspective (building sides) and the aerial perspective (rooftops
and layout). This ability to infer and render the essential spatial structure despite significant
natural occlusion demonstrates the robustness and generalization capability of our method
in cluttered real-world environments.

Query: 3 # Retrieval Result:
Street-view $ % P Aerial-view Image

Retrieval Result:
Aerial-view Image

Query:
Street-view

(b2) 45° pitch-angle
oW

Scene 2

Figure 4. Visualization results for cross-view localization in challenging suburban scenes character-
ized by dense foliage. For a given street-view query, our method synthesizes pseudo aerial-views
at varying pitch angles for matching. The images presented showcase: the input street-view query,
the synthesized views at pitch angles of (a1,a2) 30°, (b1,b2) 45°, (c1,c2) 60°, and (d1,d2) 90°, and the
corresponding top-retrieved true aerial image from the database.

277



Remote Sens. 2025, 17, 3673

Handling of Extreme Viewpoint Disparity. Figure 5 showcases a dense urban scene,
which presents a different challenge: severe perspective distortion and complex geometric
relationships between buildings. The direct matching between a ground-level image
capturing vertical building facades and a nadir (90°) aerial image capturing horizontal
rooftops is inherently ill-posed. Our approach mitigates this by progressively generating
views that bridge this geometric transformation. The sequence of synthesized images from
(a) to (d) clearly shows a smooth transition from an oblique perspective to a top-down
view. This process correctly models the spatial arrangement and relative positioning of
the surrounding buildings, transforming the street-view perspective into an aerial-view
representation that is structurally consistent with the ground truth. The success in this
complex urban setting highlights that our method does not merely rely on appearance
cues but effectively learns and reasons about the underlying 3D geometry of the scene to
perform accurate localization.

In summary, these qualitative results validate that our query synthesis module is the
key to overcoming the challenges of cross-view localization. By generating geometrically
plausible intermediate views, our method significantly enhances matching accuracy in
diverse and complex real-world scenarios.

Computational costs. We report the computational cost of the proposed method on
the KITTI dataset. During training, the model consumes 11.8GB of memory and takes
about 4 days to complete. During testing, the model consumes 2.18GB of memory and
takes about 5 days.

Retrieval Result:
Aerial-view Image
Wy 8y S

Query:
Street-view

Retrieval Result:
Aerial-view Image

Query:
Street-view

Scene 2

Figure 5. Visualization results for cross-view localization in challenging urban environments with
dense building structures. For a given street-view query, our method synthesizes pseudo aerial-
views at varying pitch angles for matching. The figure illustrates: the input street-view query, the
synthesized views at pitch angles of (al,a2) 30°, (b1,b2) 45°, (c1,c2) 60°, and (d1,d2) 90°, and the
corresponding top-retrieved true aerial image from the database.
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4.3. Ablation Study

To systematically validate the contribution of each key component within our proposed
framework, we conducted a series of comprehensive ablation experiments. These studies
were designed to quantify the performance impact and confirm the generalization capability
of our method over a strong baseline. The results are meticulously analyzed below.

Impact of pseudo aerial-view image. A core component of our approach is the syn-
thesis of pseudo-aerial-view images to enrich the training data. To assess its efficacy, we
performed an ablation study on the Test-1 and Test-2 dataset. The results, as detailed
in Table 3, clearly demonstrate that incorporating the pseudo-aerial-view synthesis mod-
ule significantly improves the performance of our baseline model. While the generated
pseudo-views may not possess the photorealistic quality of genuine aerial imagery, their
primary value lies in their ability to effectively mitigate the substantial domain gap be-
tween street-view and satellite-view images. By providing geometrically aligned, albeit
non-photorealistic, representations, the network is empowered to learn a richer, more
robust cross-view scene representation. This data-level augmentation inherently reduces
the difficulty of the cross-view localization task and simultaneously enhances the model’s
generalization capability to unseen scenes. The experimental evidence confirms that this
module is a crucial contributor to the overall performance gains.

Table 3. Ablation study of the proposed components. The best results are highlighted in bold.

Method R@1 R@5 R@10 R@1%
Test-1

Baseline 80.80 96.51 97.40 95.83

Baseline + Pseudo Aerial-view 81.80 97.50 97.01 97.98

Baseline + Pseudo Aerial-view + Mixed feature 82.90 98.38 98.43 98.46
Test-2

Baseline 17.80 34.11 45.37 89.98

Baseline + Pseudo Aerial-view 18.73 36.92 47.14 90.77

Baseline + Pseudo Aerial-view + Mixed feature 19.20 38.04 48.90 91.38

Effect of mixed feature enhancement. We further investigated the effectiveness of our
proposed Mixed Feature Enhancement (MFE) module. The ablation results, also presented
in Table 3, illustrate a notable performance boost when this module is integrated. The
underlying rationale for the MFE module is to refine the generic features learned from a pre-
trained model like DINOv2. While DINOv2 features are powerful and generalize well to a
variety of tasks due to their training on diverse datasets, they are not inherently optimized
for the specific nuances of cross-view geo-localization. Our feature-mixer operation is
specifically designed to fine-tune these generic features, allowing them to capture the
subtle but critical details required for accurate cross-view matching. The experimental
findings validate that this operation effectively enhances the discriminative power of the
feature embeddings, thereby leading to improved performance in the retrieval task. The
consistent performance uplift across the board confirms the MFE module’s role as a vital
component for maximizing localization accuracy.

Effect of synthesized tilted views. In our process of synthesizing novel viewpoint
images based on 3DGS, we indeed synthesized new images with tilt angles of 30°, 45°,
60°, and 90°, respectively. The results of ablation studies are listed in Table 4. It can be
observed that the tilt angles of 60° and 90° achieve comparable results. The selection of
specific tilt angles such as 60°/90° is primarily motivated by their role in establishing a
smoother transitional path in the feature space between street-level and aerial perspectives.
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These intermediate viewpoints facilitate better feature alignment, effectively reducing the
domain gap and enhancing the model’s cross-view geo-localization accuracy. Moreover, by
intentionally constraining the number of synthesized transitional views, we are able to not
only validate the robustness of this smooth-interpolation strategy but also maintain high
efficiency and low computational overhead throughout the novel view synthesis process.

Table 4. Ablation study of different tilt angles on the KITTI Test-1 subset. The best results are

highlighted in bold.
Method R@1l R@5 R@10 R@1%
Baseline + Pseudo Aerial-view (tilt angle 30°) 81.05 96.50 96.56 97.11
Baseline + Pseudo Aerial-view (tilt angle 45°) 81.65 9744 97.03 97.82
Baseline + Pseudo Aerial-view (tilt angle 60°) 81.61 97.00 97.10 97.53

Baseline + Pseudo Aerial-view (default tilt angle 90°) 81.80 97.50 97.01 97.98

5. Discussion

Although our method produces good results in some complex scenarios, it still strug-
gles with certain challenges such as occlusion, illumination variation, and high urban
density. As illustrated in the Figure 6, our method currently struggles with challenging
street scenes characterized by significant lighting variations and complex clutter, which
can lead to retrieval failures. Regarding occlusion, we acknowledge that severe occlusion
can pose challenges for 3D reconstruction and novel view synthesis based on 3DGS. We
have considered some factors in our method to alleviate these issues. Specifically, by in-
corporating DINOv2, which provides powerful and robust visual features, and combining
it with 3DGS, our approach is engineered to mitigate the adverse effects posed by such
challenging conditions.

Ground Truth Retrieval Result:
Aerial-view Image

Retrieval Result:
Aerial-view Image

Figure 6. Visualization of failure cases in our method.

6. Future Work

Our current approach has limitations in generalizing to diverse cross-view scenarios,
particularly for panoramic-to-perspective benchmarks like CVUSA and VIGOR. Indeed, the
dense, sequential nature of perspective images in datasets such as KITTI and Oxford Robot-
Car enables high-quality 3D reconstruction with 3DGS. In contrast, panoramic benchmarks
like CVUSA and VIGOR are composed of sparsely captured images with limited overlap,
which challenges the current 3DGS-based pipeline that relies on dense views for robust
geometry modeling. This structural difference currently restricts the direct applicability of
our method to such panoramic-to-perspective settings. we regard overcoming this domain
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gap as a vital research direction. In the future, we plan to explore techniques tailored
to sparse or non-sequential imagery, such as cross-view generative models that bypass
explicit 3D reconstruction, or geometry-aware methods capable of learning from limited
overlapping views.

7. Conclusions

In this paper, we proposed a novel 3D Gaussian splatting-based cross-view geo-
localization framework to resolve the difficulty of geo-localization caused by low feature
similarity between street-view and aerial image. We first synthesized novel aerial perspec-
tives from street-view sequences via 3D Gaussian splatting, utilizing COLMAP-derived
initial poses and sparse point clouds. A key contribution is our camera pose estimation
strategy, which optimizes matching viewpoints by increasing the tilt angle relative to the
horizontal plane, thereby improving geometric consistency between the synthesized and
real aerial imagery. Following this, we employed DINOV2 in a straightforward yet efficient
mixed feature enhancement module, optimized using InfoNCE loss. Experiments on the
KITTI dataset demonstrate that our method delivers substantial improvements in matching
accuracy despite significant viewpoint differences and achieves advanced retrieval results.
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Highlights

What are the main findings?

* We propose CM-CR, a SAR-conditioned cloud-removal framework that distills a SAR-
Conditioned Score-Based Diffusion (teacher) into a SAR-conditioned consistency model
(student) and refines outputs via multistep resampling.

e CM-CR achieves state-of-the-art PSNR/SSIM/SAM/MAE on SEN12MS-CR while re-
quiring substantially fewer sampling steps than standard diffusion models.

What is the implications of the main findings?

¢ The method improves the usability of optical remote sensing data under thick-cloud
conditions across diverse scenes.

¢ It preserves the reconstruction fidelity of diffusion models with markedly reduced inference
complexity, making it suitable for large-scale and operational remote sensing tasks.

Abstract

Cloud contamination, especially thick cloud cover, severely limits the usability of optical
remote sensing imagery by obscuring surface information. Due to the strong penetrabil-
ity of microwave signals, Synthetic Aperture Radar (SAR) has emerged as an effective
source for thick cloud removal. While SAR-assisted deep learning methods, such as CNNs
and GANSs, have made notable progress, the quality of generated imagery still requires
improvement. Diffusion models, which offer strong potential for enhancing generation
fidelity, could address this limitation but suffer from slow sampling speeds that constrain
practical use and underscore the need for greater efficiency. To simultaneously enhance
both reconstruction quality and sampling efficiency, this paper proposes a fast-sampling
SAR-conditioned consistency model based on consistency distillation, named CM-CR,
which adopts a teacher—student architecture to divide the reconstruction process into
a rapid coarse prediction stage and a detailed refinement stage, significantly reducing
per-scene processing time while maintaining high reconstruction fidelity. Specifically, a
SAR-Conditioned Score-Based Diffusion Model (SCSBD) is first developed as the teacher
network for learning a SAR-conditioned optical image generation model. Consistency
distillation is then used to derive the student network SAR-conditioned consistency model
(SCCM), which enables a rapid coarse prediction through single-step sampling. Finally,
a Progressive Denoising via Multistep Resampling (PDMSR) strategy is introduced to
iteratively refine the single-step output, producing fine-grained reconstructions. Com-
parative experiments conducted on the widely used cloud removal benchmark dataset
SEN12MS-CR demonstrate that the proposed CM-CR method achieves state-of-the-art
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(SOTA) performance across all image quality metrics. Notably, although its design uses
approximately 80 times more parameters compared with a standard Denoising Diffusion
Probabilistic Model (DDPM), it delivers up to a 40-fold acceleration at inference.

Keywords: cloud removal; SAR; optical remote sensing images; consistency model

1. Introduction

With the rapid advancement of remote sensing technology, optical remote sensing
imagery has become indispensable for a wide range of applications, including meteorological
monitoring [1], agricultural assessment [2], urban planning [3], and disaster management [4].
High-resolution and wide-coverage optical images offer crucial support for obtaining surface
information on Earth. However, these images are frequently compromised by atmospheric
interference such as clouds and haze, which significantly degrade image quality and usability.
Among these factors, cloud contamination is the most prominent, as it not only obscures
surface features and causes information loss, but also introduces artifacts and blurring, thereby
hindering subsequent analysis and interpretation [5]. Effectively removing cloud interference
from optical remote sensing images has thus emerged as a critical challenge in the field.

Cloud cover can be categorized into thin and thick clouds based on their optical
thickness and impact on surface visibility. Thin clouds partially obscure ground features,
whereas thick clouds block surface information entirely, often causing severe spectral
distortion and shadow effects [6]. The task of thick cloud removal aims to recover ground
information from regions severely occluded by dense clouds. Existing methods for thick
cloud removal can be broadly grouped into three categories: inpainting-based, multi-
temporal, and multi-modal approaches [7].

Inpainting-based methods assume spatial and semantic correlations between cloud-
covered and cloud-free regions within the same image [8-13]. These methods use the
surrounding cloud-free areas to infer and reconstruct the missing content. While they can
produce visually plausible results when the scene is simple and cloud coverage is limited,
their reliance on single-modal information and lack of prior knowledge limits their ability
to recover complex surface features accurately.

Multi-temporal methods [14-20] leverage multiple images of the same region acquired
at different times, using cloud-free references to reconstruct cloud-obscured regions. How-
ever, these approaches often suffer from difficulties in acquiring temporally aligned and
high-quality references, and inconsistencies caused by temporal differences may degrade
reconstruction performance.

Multi-modal approaches [21-27] address these limitations by incorporating comple-
mentary data from different sensors. In particular, Synthetic Aperture Radar (SAR), with
its all-weather and day-and-night imaging capabilities, can provide reliable structural and
textural information for cloud-covered areas. By circumventing the temporal inconsisten-
cies associated with multi-temporal methods, SAR data offer a promising modality for the
accurate reconstruction of heavily clouded regions. Accordingly, this work adopts SAR
imagery as a conditioning input to guide the cloud removal process.

Generative Adversarial Networks (GANs) have been widely applied in deep learning-
based cloud removal frameworks [28-30]. While effective, GANSs often suffer from inherent
instability during training, difficulties in convergence, and vulnerability to mode collapse.
Moreover, the limited generative capacity and poor generalization of GAN-based methods
frequently result in blurred textures and loss of fine details, which restrict their ability to
meet the precision requirements for high-quality cloud removal.
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Recently, diffusion models [31] have emerged as state-of-the-art generative models,
outperforming GANSs in various vision tasks [32]. Built upon a Markovian denoising pro-
cess, diffusion models offer more stable and reliable training along with superior generative
fidelity. They have been successfully applied to a wide range of image generation tasks
such as inpainting [33], super-resolution [34], and style transfer [35]. These advancements
have inspired the use of diffusion models in cloud removal, with several works reporting
promising results [36-41]. However, vanilla diffusion-based approaches still suffer from
slow inference, as the iterative denoising process required for high-quality synthesis incurs
high computational costs. This inefficiency remains a major bottleneck for the practical
deployment of diffusion-based cloud removal techniques.

To address the inefficiency of diffusion models, recent advances have introduced
consistency models [42], which preserve high generative fidelity and accelerate inference,
providing an efficient solution for cloud removal tasks. Inspired by this line of work, we
propose CM-CR, a novel and efficient cloud removal framework based on SAR-conditioned
consistency models. It is designed to simultaneously achieve high-quality reconstruction
and fast inference, enabling practical cloud removal for optical remote sensing images. The
main contributions of this work are as follows:

1.  We develop a SAR-Conditioned Score-Based Diffusion (SCSBD) model as a teacher
network, where SAR data are utilized as conditional input to guide the generation
of structural features and spatial layouts under SAR constraints, establishing a solid
foundation for the subsequent distillation process.

2. We introduce a consistency distillation strategy that distills the SCCM (SAR-
Conditioned Consistency Model) student model from the trained SCSBD, enabling
efficient single-step cloud removal with coarse predictions.

3. To further refine the initial output, we propose a Progressive Denoising via Multi-
step Resampling (PDMSR) strategy. By injecting noise into the coarse results and
resampling, this strategy recovers fine-grained spectral details, effectively balancing
inference efficiency and reconstruction quality.

2. Preliminaries
2.1. Diffusion Models

Diffusion models are a family of generative models that formulate data synthesis as
a two-stage process. The forward process gradually perturbs data with Gaussian noise,
while the reverse process, parameterized by a neural network, iteratively reconstructs the
original distribution. The seminal denoising diffusion probabilistic model (DDPM) [32] first
established this formulation, and Song et al. [43] further extended it through a stochastic
differential equation (SDE) framework, leading to score-based generative models capable of
accurately approximating complex data distributions. Our method builds upon the score-
based diffusion models, and the following section provides a concise theoretical overview.

In the SDE-based formulation of diffusion models, data xg ~ pqata (X) are progressively
perturbed along a continuous time variable t € [0, T]. The forward process is defined by
the following equation:

dxy = y(xt, t) dt+0’(i’) dwy, 1)

where 1(x¢, t) is the drift term, () controls the noise intensity, and w; denotes a standard
Wiener process. Solving this SDE transforms the data distribution p4,, into a simple prior,
typically a standard Gaussian pr(x), which serves as the starting point for the generative
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reverse process. To generate new data, sampling begins by drawing noise from the prior
%7 ~ N (0, T?I) and reversing the diffusion process. The reverse-time SDE can be defined as:

dx = [mx, t) — ()2 Vylog pt(x)} dt + o(t) dw, 2)

where Vylog p:(x) is the score function and w denotes a Wiener process with time flowing
backward from T to 0. By integrating this reverse SDE, samples X can be obtained, which
approximate the target distribution pgata (X).

Song et al. [43] demonstrated that the reverse SDE has an equivalent deterministic for-
mulation, termed the probability flow ODE (PF-ODE), which preserves the same marginal
distributions:

dx = [y(x, t) — 1o (t)2V, log pt(x)} dt. 3)

In practice, a score network sy (x, t) ~ Vxlog pt(x) is trained via score matching. Under
the setting of Karras et al. [44], where (x,t) = 0 and o'(t) = /2t, Equation (3) reduces to

-5 = *tS(P(Xt,t). (4)

2.2. Consistency Models

Consistency models [42] have recently been proposed to support efficient single-
step sampling while still permitting iterative generation for improved trade-offs between
sample quality and computational cost. Unlike conventional diffusion models that rely
on lengthy sampling trajectories, consistency models directly learn a consistency function
£ (x¢,t) — xe that enforces self-consistency across different time steps along the PF-ODE
trajectory, f(x¢,t) = f(xy,t') forall t,t' € [e, T|, where € is a fixed small positive number.
This property enables them to achieve one-step generation.

To ensure reliable training, a boundary condition f(xe, €) = x. is imposed, guarantee-
ing identity mapping at the start of the trajectory. In practice, the consistency model fy(x, t)
is parameterized by a neural network subject to this constraint:

fo(x,t) = cokip ()X + cout (t) Fy(x, £) )

where cgip () and cout(t) are differentiable functions with the cqyip(€) = 1 and cout(€) =
0. Fy(x,t) denotes the output of the deep neural network. Sampling with a trained
consistency model is highly efficient: starting from Gaussian noise xr ~ N(0, T?I), a
single forward evaluation ¢ = fy(Xr, T) suffices to produce high-quality samples. These
properties distinguish consistency models as an independent family of generative models,
complementing and extending diffusion-based approaches.

3. Methodology

We propose CM-CR, a cloud removal framework built upon SAR-conditioned consis-
tency modeling. As illustrated in Figure 1, CM-CR comprises three main components.

288



Remote Sens. 2025, 17, 3721

Step 1: Training SCSBD (Sec. 3.1)
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Figure 1. Overall architecture of the proposed CM-CR framework. It consists of three main components:
(1) training the SCSBD model as the teacher; (2) consistency distillation for student model SCCM; and
(3) refining the coarse output via the PDMSR strategy to obtain high-quality cloud-free images. Step 1
trains the SCSBD as the teacher model, as elaborated in Section 3.1. Step 2 employs consistency distillation

o

]
ult

Cloudy

Refined res

to transfer knowledge from SCSBD to the student model SCCM, enabling single-step sampling for
coarse cloud removal, detailed in Section 3.2. Step 3 further refines these coarse results via the proposed
PDMSR strategy, yielding high-quality, cloud-free reconstructions, as described in Section 3.3.

3.1. SAR-Conditioned Score-Based Diffusion (SCSBD) Model

As mentioned in Section 2.2, we need to train a teacher network to estimate the
score, which will be used for subsequent sampling and cloud removal processes. Figure 2
illustrates the training procedure of our SCSBD network. We utilize U-Net [45] as the
backbone network to construct the SCSBD network. The U-Net architecture, with its
symmetrical encoder-decoder structure, iteratively compresses and reconstructs the spatial
features of the image, while employing skip connections to retain high-resolution spatial
information. Owing to its all-weather and all-day imaging capability, SAR imagery provides
stable ground information even under cloud coverage. This feature enables SAR data to
effectively compensate for the missing information in optical images caused by cloud
occlusion, significantly enhancing the model’s ability to reconstruct realistic scenes.

To further improve the accuracy of cloud removal, we integrate SAR imagery as auxiliary
conditional information, which is concatenated with noisy cloud-free optical images to serve
as input to train the SCSBD. Specifically, the SAR image ¢, is merged with the noisy optical
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image x; at time step ¢ and jointly processed as input to the model. This fusion approach
ensures effective integration of SAR and optical features at the input stage, allowing the model
to effectively capture their relationships during encoding, thereby leveraging SAR data as
prior knowledge to enhance scene understanding and reconstruction.

Within the U-Net architecture, SAR data is not only combined with cloud-free optical
images at the initial input stage but also further incorporated via skip connections during
the decoder phase to facilitate better learning and utilization of SAR conditional information.
Ultimately, the model produces a predicted score s¢(x, 7, ¢ssr) under the SAR condition,
which guides the reconstruction process. This approach allows the model to manage
complex weather conditions and occlusions more effectively, generating clearer and more
accurate cloud-free images.

Pridicted = DownBlock ResBlock DownSample

Noise

Noisy S
Cloud-free  Col

Mid Block = ResBlock - ResBlock
— > Skip connection |
—> Input and output UpBlock = ResBlock - UpSample
@ Concat
f € = 5 =
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: ;
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Figure 2. Architecture of the proposed SCSBD and SCCM. The network adopts a U-Net-like encoder—
decoder structure to iteratively downsample and upsample the noisy optical image, conditioned on
the corresponding SAR image and time embedding. The final predicted noise is estimated to guide
the sampling process for effective cloud removal.

In the following sections, we will elaborate on the modeling details of the SCSBD from
a theoretical perspective. We define py(X) = [ pgata(X)N (X;x,021)dt as the perturbed

data distribution. We denote {O'i }il to be a positive noise levels sequence that satisfies
Opin =01 < 0p < -+- < 0p = omax. The noise levels are selected such that 01 is small
enough to minimize its impact on the data p,_, (X) & pPdata(x) , while o7, is large enough
such that p, . (x) = N (x;0,02,,I). Our goal is to train an SAR-conditioned score network

that can estimate the scores of all perturbed data distributions simultaneously. Specifically,

foreach o € {Ui},L

1=

that s¢(x, 0, ¢sar) € RP when x € RP. We refer to s¢(x, 0, csqar) as the SCSBD.
The denoising score matching method was employed to train the SCSBD. As shown

, the relationship s¢(X, 0, ¢sar) = Vz10g po(X|csar) should hold. Note

in Algorithm 1, let the noise distribution be p, (X | x) = N (X | x,0%I). Consequently, the
gradient of the log-probability is given by Vg log ps (X | x) = — ’?;—2" For a specific value of
o, the objective function for denoising score matching is:

]

By performing a weighted summation of all ¢ € {o;}} ; objectives, we obtain a

- Xi —
S¢ (xi/ i, Csur) + 5
i

Xi

(6)

1
f((PrUz) - EEPdata(x)Eii“’N(xi'UiZD |:

final objective:
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L
L@ty = 7 LA i) 7)

i=1

where A(0;) > 0 be a coefficient function dependent on ¢;. Provided that s¢(x, o, csar)
is well trained, the function sp- (x,0, €sqr) will minimize Equation (7) for almost all i €
{1,2,---,L}.

Algorithm 1 Training SCSBD via Denoising Score Matching

Require: Training dataset D = {x;}} ;, noise levels {c;}- |, coefficients A(c), Model
s¢(x, 0, Csar ), learning rate 77, number of epochs E, batch size B
Ensure: Trained model parameters ¢
1: for epoch =1to E do
2:  for each data point x; in D do
3 for each noise level 0; do
4 Sample noise € ~ N (0, 1)
5 Perturb data X; < x; + ;€
6: Noise distribution p, (X;[x;) = N (X;|x;, 071)
7 Compute the score of the perturbed data Vg, log pyi(X; | x;) = —(%; — x;) /07
8 Estimate the score by model sy (X;, 0;, Csar)
2
)

)"(z-fx,'
2

S¢(f(i, i, Csar) +

9: g(‘l); Ui) - %Epdata(x)EiiNN(xf"Tizl) {
10: end for
11 L(pi{oitiy) < 1 X Ao)l(¢; 1)

120 ¢ ¢—nVeLl(g;{oi},)
13:  end for
14: end for

i

Once the SAR-Conditioned Score Network sy« (X, 7, ¢sqr) is trained, the cloud-free image
sampling process can be conducted by plugging the score model into the empirical PF-ODE
described in Equation (4). As illustrated by Equation (8), the sampling process starts from
the prior Gaussian distribution X7 ~ N(0, T2I) An accurate estimate of X 'P | can be derived
from x;, by executing a single discretization step with a numerical ODE solver.

’??7 = Xp, + (tn—l - tn)CD(th/tnr Csar}¢) (8)

Here, ® represents the numerical solver for the PF-ODE; we employ the Euler solver
D(x,t, Csar; P) = —tsp(X, £, Csar) to solve the aforementioned equation. The variable ¢; de-
notes a specific time point, and we follow the time setting approach proposed by Karras for ¢;.
Specifically, the time interval [¢, T] is divided into N — 1 segments, with boundaries defined
byt =€ <ty <--- <ty = T. In practice, t; can be calculated using the following formula:

; P
(e 1L (p1p /e
t; <e + N_l(T ¢ )) )

For numerical stability, € is set to a very small positive value, and p is assigned a value of 7
in this work.

The noise x1, sampled from the prior Gaussian distribution, along with the SAR image
corresponding to the cloud-covered image, serves as input for the model. Using an ODE
solver, Equation (8) is iteratively solved to produce the cloud-free image Xp. Analogous to
image editing approaches based on diffusion models, the blending technique is employed
on the cloud-covered image and the generated cloud-free image X to derive the final
de-clouded result:
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X=mOX+(1-m)© Xcloudy (10)

where m represents a binary mask denoting cloud-covered regions, with the value set to 1
for cloud-covered areas and 0 for cloud-free areas. X4, denotes the cloud-covered image.

3.2. SAR-Conditioned Consistency Model (SCCM) via Consistency Distillation

The slow sampling speed of diffusion models represents a significant bottleneck,
limiting their application in cloud removal tasks. Compared to other cloud removal
methods based on DDPM models, our proposed approach, based on the score-based
diffusion model, demonstrates significant improvements in sampling efficiency under
the ODE framework. However, iteratively solving the ODE with a numerical solver
requires multiple evaluations of the score model s¢(x, 0, ¢sar) , which renders the process
computationally intensive. Therefore, enhancing the speed and efficiency of cloud removal
remains a crucial challenge that we aim to address.

Song et al. [42] proposed a novel addition to the family of diffusion models: con-
sistency models, which enable single-step generation and additionally support iterative
generation, balancing sample quality with computational efficiency. Inspired by the Con-
sistency Model, we employed a consistency distillation strategy based on our pre-trained
Score Model, ultimately developing a framework capable of rapid cloud removal. This
approach allows for efficient inference by distilling the capabilities of the Score Model into
a more streamlined process, significantly enhancing the speed of cloud removal while main-
taining high-quality output. The resulting framework effectively addresses the challenges
of slow sampling typically associated with diffusion models, offering a promising solution
for real-time applications.

In the following section, we will introduce the consistency distillation training strategy,
which builds upon the SCSBD model sy (x, 7, ¢sar)-

Figure 3 presents the consistency distillation strategy utilized in this study. The
objective of the consistency distillation strategy is to establish a SAR-conditioned consis-
tency function, denoted as Gy. For the sequence of solution trajectories obtained from
Equation (4), {%}c[o,7], the consistency function should satisfy the following property:
for any pair (x, t, cssr) associated with the same PF-ODE, the consistency function should
map them consistently to the identical point %, i.e., G(x¢, £, ¢sar) = G(xp, ', €sar) = Ro
forall t,' € [0, T]. Consequently, the distilled model allows for single-step generation,
eliminating the requirement for multiple iterations typically performed by an ODE solver.

The consistency distillation training process is presented in Algorithm 2. In this
process, a pair of adjacent points is sampled from the ODE trajectory, and a consistency
loss is utilized to supervise their mapping back to the same origin, thereby facilitating
the distillation training. Specifically, a data point x ~ pg4at, is initially sampled from the
dataset D, and Gaussian noise is subsequently added to it. From the SDE transition density
N(x, 12 11), xt,, is sampled. A single discretization step using an ODE numerical solver
is then performed according to Equation (8) to obtain )‘(‘i, yielding a pair of adjacent points
(f(;’:, Xt,,,)- These two points, belonging to the same ODE trajectory, should satisfy the
properties of the SAR-conditioned consistency function Gg. The following loss function is
used to perform the distillation training of the model:

LI(}]D(Br 0';9) = E[A(tn)d(Fe (Xt, 1, tn+1, Csar), Gor (f‘?:,/ tn, Csar))] (11)

where n ~ U[[1,N = 1]], x ~ pgara and x¢,,, ~ N (x;t2,I). A(-) is the positive weighting
function. Furthermore, 6’ refers to the running average of the parameter 6 throughout the

optimization process. The function d(-, -) serves as a metric for measuring the discrepancy

292



Remote Sens. 2025, 17, 3721

in outputs between two adjacent points under the SAR-conditioned consistency function.
In this paper, the mean squared error (MSE) is employed as the metric.

Data Gaussian
Distribution Distribution

) g€ (xt’ ) tl, csar) \l\

(ET’ T)

(th, t/)

g0 (xT, T7 csa?‘)

Figure 3. The SCCM is trained to map points on any trajectory of the PF ODE to the trajectory’s origin.

Algorithm 2 Training SCCM via Consistency Distillation

Require: Training dataset D, initial model parameter 6, learning rate 77, ODE solver
®(-,-,-;¢), metric function d(-, -), weighting function A(-), and EMA decay rate u
Ensure: Trained model parameter 0
1: Initialize target network parameter ¢’ + 6
2: repeat
3. Samplex ~ D and n ~ U[[1,N —1]]
4 Samplex;, ,, ~N(xt2 1)
5. Compute )A(f; Xty (= tag1) @ (Xt st 1, Csars )
6:  Computeloss: L(6,0";¢) < A(ty)d(Go(xt, 1, tns1; Csar), Gor (f(f:l, tn; Csar))
7. Update model parameter: 6 < 6 —yVoL(6,6’; §)
8. Update target network parameter: 6’ < stop grad(u6’ + (1 — 1)0)
9: until convergence

3.3. Progressive Denoising via Multistep Resampling for Refined Cloud Removal

Building upon SCSBD and the distillation consistency model (SCCM) described in
Sections 3.1 and 3.2, this section introduces the Progressive Denoising via Multistep Re-
sampling (PDMSR) strategy, which serves as the core inference mechanism in the CM-CR
framework. PDMSR is specifically designed to enhance cloud removal fidelity while
preserving high inference efficiency.

As shown in Figure 4, the PDMSR strategy begins by sampling a noise image x7 ~
N(0,1) and feeding it, along with the conditional SAR image cs,, into the consistency
function Gy to generate an initial cloud-removed result Xg. This result is fused with the
cloud-free regions of the original image X4, using a binary cloud mask to obtain a
hybrid image. However, directly using this one-step prediction often leads to artifacts or
inconsistencies in reconstructed regions due to limited spectral guidance.
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Figure 4. Illustration of the proposed PDMSR inference strategy, which progressively refines the
cloud removal results by leveraging multistep denoising and re-noising guided by cloud-free regions.
x7 denotes the initial noisy image, Xcjoudy i the cloudy input, x; is the intermediate noisy sample at
iteration 7, and X’ is the progressively refined output.

To overcome this limitation, PDMSR introduces a multistep inference scheme that
progressively reintroduces noise and refines the prediction in each step as detailed in
Algorithm 3. Specifically, at each iteration, the intermediate result is perturbed with
decreasing levels of Gaussian noise and then passed back through the consistency function.
Moreover, cloud-free regions from the original image are preserved and fused back into
the estimate after each step. This process allows the model to incorporate rich contextual
and spectral priors from unoccluded areas, guiding the reconstruction of cloud-covered
regions toward more semantically consistent and visually plausible outputs.

Algorithm 3 Progressive Denoising via Multistep Resampling (PDMSR)

1: Input: Consistency function Gy(-, -, -), time steps t; > tp > --- > ty, cloudy image
Xcloudy, binary mask m, SAR condition ¢, initial noise xr
X < g9<XT, T, Csar)
X' Xeloudy © M +x® (1 —m)
fori =2to N do
Sample x; ~ N (x/, (2 — €2)I)
x < Go(xj, ti, Csar)
X' Xcloudy @ M +X© (1—m)
end for
Output: X/

Although PDMSR involves N iterative steps, each step is computationally efficient due
to the single-pass property of the distilled model Gy. Consequently, the overall inference speed
remains significantly faster than traditional diffusion-based methods, which typically require
hundreds of ODE solver steps. Our ablation studies further confirm that PDMSR substantially
improves the structural consistency and visual fidelity of cloud-removed images.

4. Experimental Results
4.1. Data

The dataset utilized in this study is the publicly available SEN12MS-CR [46], compris-
ing 169 non-overlapping regions of interest (ROIs) sampled across all inhabited continents
and across various meteorological seasons. Each ROI contains a triplet of orthorectified
and geo-referenced images: a cloudy Sentinel-2 optical observation, its corresponding
cloud-free counterpart, and a co-registered Sentinel-1 SAR image that integrates both VV
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and VH polarization channels as a dual-channel input. All three images were acquired
within the same season to minimize surface variability. As illustrated in Figure 5, each ROI
was further partitioned into overlapping triplet patches of 256 x 256 pixels using a stride of
128 pixels. Note that the cloudy and cloud-free Sentinel-2 images in SEN12MS-CR are not
always captured on the same day. They are selected as the closest-available temporal pair
within the same season to minimize surface changes, as defined by the dataset protocol.
Likewise, Sentinel-1 SAR images are temporally aligned within the same seasonal window.
We follow the official pairing to avoid manual alignment bias, which is a standard practice
in cloud-removal studies.

The Sentinel-2 data are sourced from the Level-1C top-of-atmosphere (TOP) reflectance
product, with pixel values ranging from 0 to 10,000 and including all 13 spectral bands.
In contrast, Sentinel-1 images are derived from the Level-1 GRD product, acquired in
Interferometric Wide (IW) swath mode with dual-polarization channels (VV and VH), and
represented as backscatter coefficients in the decibel (dB) scale.

For model training, 20,000 triplet patches were selected, where only the red, green,
and blue (RGB) bands from the Sentinel-2 imagery were preserved and used as input. To
evaluate performance, an additional 400 representative test samples were curated according
to cloud fraction and type of land cover. Specifically, 80 samples were drawn from each
cloud coverage interval: 0-20%, 20-40%, 40-60%, 60-80%, and 80-100%.

Fall Summer Spring

Winter

; .
s S
>

Cloud-free

Cloudy

Figure 5. Representative samples from the SEN12MS-CR dataset. Rows correspond to the four
meteorological seasons (spring, summer, fall, and winter), while columns represent the geo-referenced
cloudy Sentinel-2 image, the Sentinel-1 SAR image with VH polarization, the SAR image with VV
polarization, and a temporally matched cloud-free Sentinel-2 image.

4.2. Implementation Details

To ensure experimental reproducibility, this section presents the detailed training
hyperparameter settings for SCSBD and SCCM and the evaluation metrics adopted to
assess model performance.
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4.2.1. Training Setting

All experiments were conducted on a high-performance computing server equipped with
an AMD EPYC 7763 64-core CPU and an NVIDIA A100-SXM4-80GB GPU, running the Ubuntu
operating system. The implementation was built on Python 3.10 using the PyTorch framework.

For training the SCSBD, we adopted an input image resolution of 256 x 256 pixels with
a batch size of 4. The model was trained for 700,000 steps (approximately 7 days) across
one A100 GPU using mixed-precision arithmetic to enhance computational efficiency. The
initial learning rate was set to 0.0001, with a three-tiered exponential moving average (EMA)
strategy employing decay rates of 0.999, 0.9999, and 0.9999432189950708 respectively.

During the SCCM distillation phase, we maintained identical configurations for batch
size, input resolution, and computational resources while modifying specific hyperparame-
ters: the learning rate was reduced to 0.00001, and a dropout rate of 0.1 was introduced
in the teacher model. This phase utilized Heun’s method as the ODE solver and incorpo-
rated LPIPS as the weighting function to quantify the differences between generated and
ground-truth images.

4.2.2. Evaluation Metrics

In all experiments, we report the Peak Signal-to-Noise Ratio (PSNR), Structural Sim-
ilarity Index Measure (SSIM), Spectral Angle Mapper (SAM), and Mean Absolute Error
(MAE) on the test set to assess the quality of the cloud removal results.

PSNR is a widely used metric in Image Quality Assessment(IQA) , where higher values
generally correspond to better image quality. Its formulation is provided in Equation (12):

MAX?

PSNR = 10 x logw( VSE ) (12)
N . 2

MSE - Zi=1 (i —7i)” (13)

N

where y; and #; are the ground truth and predicted intensity values at the i — th pixel,
respectively, and N is the number of pixels. MAX represents the maximum pixel inten-
sity, set to 10,000 in this study to match the TOP reflectance scale. The Mean Squared
Error (MSE), defined in Equation (13), quantifies the average squared difference between
corresponding pixels.

The Structural Similarity Index Measure (SSIM) evaluates image similarity by compar-
ing luminance, contrast, and structural information between the predicted and reference
images. It is computed as:

(ZVXVy + Cl)(z‘fxy +C2)

SSIM(x,y) =
S 7 S N O R ey

(14)

where iy and py denote the local means of images x and y, 02 and (7]3 are the corresponding
variances, and 0y, is the covariance between them. Constants C; and C; are used to stabilize
the division and are derived from the dynamic range of the pixel values. The SSIM value
ranges from 0 to 1, with higher values indicating greater structural similarity.

Spectral Angle Mapper (SAM) measures the spectral consistency between the pre-
dicted and reference images by calculating the angle between their spectral vectors. It is
computed as:

_ <xy>>
SAM(x,y) = arccos( - 19T (15)

where x and y denote the spectral vectors of the reference and predicted images at a
given pixel location, respectively. (x, y) represents the dot product of the two vectors, and
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||x]|; and ||y||, are their Euclidean norms. A smaller SAM value indicates higher spectral
consistency, with 0 representing perfect spectral alignment.

The Mean Absolute Error (MAE) quantifies the average magnitude of pixel-wise
differences between the predicted and reference images. It is insensitive to the direction of
the error and directly reflects overall reconstruction accuracy. The MAE is defined as:

1 N
MAE = = Y |yi — 1l (16)
Nizl

where y; and §J; represent the ground truth and predicted values at the i-th pixel, and N
is the total number of pixels. A lower MAE value indicates better performance, with 0
corresponding to a perfect reconstruction.

4.3. Cloud Removal Results

In this section, four representative terrain types—grassland, farmland, mountainous
terrain, and urban areas—were selected to assess the performance of CM-CR under diverse
geomorphological conditions. All data were derived from Sentinel-2 imagery within the
SEN12MS-CR dataset, and true-color composites were generated using the red, green,
and blue spectral bands. Despite considerable local variability in spectral and radiometric
properties, as well as complex topography and significant elevation differences, the pro-
posed CM-CR exhibited strong performance, effectively recovering most of the information
obscured by cloud cover.

As shown in Figure 6, CM-CR effectively removes thick cloud cover in grassland
scenes and demonstrates strong capability in reconstructing homogeneous surface areas.
In particular, the red box in Figure 6a highlights that under extensive cloud coverage, the
method may still introduce noticeable artifacts. Nevertheless, as illustrated in Figure 6b,
even in visually complex regions, CM-CR can reliably recover uniform structures. It is
worth noting that the reconstruction fidelity is influenced by the quality and structural

details present in the SAR input.

Cloudy Result Cloud-free

Figure 6. Cloud removal results in grassland scenes: (a) under extensive cloud coverage; (b) under
complex scene conditions. Red bounding boxes indicate key regions of reconstruction.

As shown in Figure 7, CM-CR achieves notable performance in removing thick cloud
cover over farmland areas. Leveraging SAR guidance, the method effectively reconstructs
both structural and textural details. In the region highlighted by the red box in Figure 7a,
CM-CR successfully distinguishes multiple land cover types and restores them with high
fidelity. However, due to the limited accuracy of existing cloud detection algorithms, some
residual cloud artifacts remain in the reconstructed output. Figure 7b further demonstrates
that, even in scenes characterized by complex layouts, the model can generate content
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consistent with the surrounding semantic context. Nevertheless, in regions with dense
cloud coverage, the SAR input may lack sufficient structural cues, which in turn affects
reconstruction accuracy and leads to noticeable deviations.

Result Cloud-free

Figure 7. Cloud removal results in farmland scenes: (a) with multiple land cover types; (b) under
complex layout conditions. Red bounding boxes indicate key regions of reconstruction. Red bounding
boxes indicate key regions of reconstruction.

As illustrated in Figure 8, CM-CR exhibits strong reconstruction performance even in
mountainous terrains with complex textures and elevation variations. In the region marked
by the red box in Figure 8a, the model accurately recovers structural features present in
the SAR image. However, due to the limitations of SAR in capturing fine topographic
details—particularly over the central hill—noticeable discrepancies remain between the
result and the reference cloud-free image. Figure 8b further illustrates the model’s ability
to restore mountainous structures in challenging scenarios. Nonetheless, in some areas,
inconsistencies arise due to differences in acquisition time between the SAR and cloudy
optical image. For example, water accumulation observed in the SAR image within valley
regions is not reflected in the cloudy image, resulting in differences between the preserved
cloud-free regions and reference cloud-free image.

‘ -
’ .

SAR » Cloudy Result Cloud-free

Figure 8. Cloud removal results in mountainous scenes: (a) with complex textures and elevation
changes; (b) under temporal inconsistency between SAR and optical data. Red bounding boxes
indicate key regions of reconstruction.

As shown in Figure 9, CM-CR demonstrates strong reconstruction performance in
urban environments characterized by complex layouts and high-frequency textures. In
Figure 9a, the model attempts to recover dense road networks and their local branching
structures from a heavily cloud-obscured input. While it successfully reconstructs portions
that are clearly reflected in the SAR image, a downward-branching segment is missing
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due to its poor visibility and ambiguity in the SAR signal. In contrast, Figure 9b illustrates
a more favorable outcome. Despite thick cloud cover in the optical observation, CM-CR
effectively restores primary roadways and building layouts with notable consistency. The
clearer structural cues in the SAR image significantly enhance reconstruction quality in
occluded regions. Nevertheless, minor discrepancies persist in areas with highly textured
content, underscoring the inherent challenges of urban reconstruction under severely
degraded observations.

Result Cloud-free

Figure 9. Cloud removal results in urban scenes: (a) with dense road networks; (b) under heavy cloud
occlusion with clear structural guidance. Red bounding boxes indicate key regions of reconstruction.

4.4. Comparisons with State-of-the-Art Methods

We conducted a comparative analysis of the proposed model against existing meth-
ods—including the discriminative baselines Dsen2-CR [46], GLF-CR [47], and UnCR [48], as
well as diffusion-based approaches DiffCR [36] and Repaint [49]—evaluating both cloud re-
moval performance and computational efficiency. All models were trained on the same set
of 20,000 triplet samples and tested on the same evaluation dataset. For DiffCR and Repaint,
the number of sampling steps was kept consistent with their original implementations,
both using 200 steps. Since our CM-CR model achieves the reconstruction results shown in
Table 1 with only 13 PDMSR steps, we further included a qualitative comparison where
Repaint’s sampling steps were artificially reduced to 13—denoted as Repaint-13—to enable
a more direct comparison with our approach. Since the GLF-CR method uses 128 x 128
inputs while all other methods use 256 x 256 images, we combined four non-overlapping
128 x 128 patches to form a single 256 x 256 image, ensuring fairness when calculating
reconstruction quality metrics. Additionally, the “Time” reported for GLF-CR reflects the
total time needed to process these four 128 x 128 patches.

Table 1. Quantitative comparison of cloud removal methods. Bold indicates the best, and underlined
indicates the second-best results.

Method PSNR (dB)1T SSIM{1 SAM| MAE(TOP)| Params (M) Time (s/img) ]|
Dsen2-CR [46] 32.214 0.906 0.048 244.03 759 0.062
GLF-CR [47] 33.159 0.922 0.043 221.08 73.1 0.095
UnCR [48] 30.686 0.897 0.062 290.53 97.1 0.088
DiffCR [36] 29.317 0.861 0.105 364.85 87.5 2.218
Repaint [49] 32.508 0.907 0.054 246.05 34.62 83.062
CM-CR (Ours) 34.191 0.935 0.042 202.69 2730.71 2.023

We first conducted quantitative comparative experiments with current state-of-the-art
cloud removal methods. Table 1 summarizes the detailed image reconstruction quality
metrics, including the average PSNR, SSIM, SAM, and MAE. In addition, it reports model
performance metrics, specifically the number of parameters (Params) and the time required
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to reconstruct a single image (Time). The experimental results show that our method
consistently outperforms all other approaches in evaluation metrics, fully demonstrating
its effectiveness for the cloud removal task. Specifically, compared to the second-best
method, our approach achieves notable improvements: the PSNR increases by 3.1%, the
SSIM improves by 1.4%, while the SAM and MAE decrease by 2.3% and 8.3%, respectively.
Although the inference time of CM-CR is still slightly longer than that of discriminative
models, its parameter count is approximately 28 times greater than that of UnCR, the largest
among the discriminative baselines. This larger parameter scale provides CM-CR with
stronger feature extraction capacity, enabling it to learn more robust representations and
achieve superior reconstruction performance. Notably, compared to the Repaint method,
which adopts a standard DDPM sampling strategy, CM-CR achieves an impressive 40x
reduction in per-image processing time while using about 80 times more parameters. Even
when compared with the efficient diffusion-based model DiffCR, CM-CR still improves
per-image processing speed by approximately 8.8% despite having about 30 times more
parameters. These results demonstrate the high sampling efficiency of CM-CR.

We next conducted qualitative comparative experiments with current state-of-the-art
cloud removal methods. Figures 10-13 present qualitative comparison results of different
methods across various scenes. As shown in Figure 10, the comparison illustrates how
each method, assisted by SAR, performs in reconstructing scene structures. Figure 10a
depicts a scene with simple structural layouts, whereas Figure 10b shows a more complex
structural scenario. The discriminative models Dsen2-CR, GLF-CR, and UnCR can partially
recover missing structures; however, due to their limited capacity to restore fine details,
the reconstructed regions appear overly smoothed. DiffCR fails to preserve structural
consistency, leading to incomplete or distorted reconstructions. Repaint-13, which reduces
the sampling steps from 200 to 13, results in insufficient denoising and noticeable residual
noise. In contrast, both Repaint and CM-CR successfully reconstruct clear and well-defined
structural elements, with the restored regions exhibiting abundant fine-grained details.

Figure 11 presents a scene containing both textural and structural features, where
Figure 11a depicts a simple texture—structure scenario and Figure 11b illustrates a more
complex one. Taking the red-marked region in Figure 11a as an example, in the simple
setting, the discriminative models can accurately distinguish edges and texture structures,
producing recognizable shapes with coherent and naturally smooth textures. However,
the reconstruction by UnCR shows noticeable blurring in the restored areas. In addition,
both DiffCR and Repaint-13 fail to preserve structural consistency. While Repaint and
CM-CR can both recover accurate structural information, Repaint exhibits color deviations
in the restored textures. By contrast, the reconstruction by CM-CR yields smoother textures
with better structural fidelity. In Figure 11b, the red-marked area highlights a region with
complex textures and structural content. In this more challenging scenario, Dsen2-CR,
GLF-CR, UnCR, DiffCR, and Repaint-13 are unable to faithfully reconstruct either the
structures or the detailed textures. Although Repaint partially recovers complex structures
and textures, its accuracy remains limited. In comparison, our method, CM-CR, can more
precisely reconstruct both complex structural elements and multi-scale texture details.

Figure 12 shows reconstruction results for scenes containing complex high-frequency
details. Specifically, Figure 12a presents a scene with a small amount of such information,
while Figure 12b illustrates a scene rich in complex high-frequency features. As shown
in the red-marked area of Figure 12a, in a scene with limited complex high-frequency
information, the Dsen2-CR, GLF-CR, and UnCR methods can only recover coarse structural
outlines and fail to capture fine details. DiffCR and Repaint-13 fail to produce meaningful
reconstructions altogether. The Repaint method achieves relatively better results but still
loses typical high-frequency elements such as buildings. In contrast, our method not
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only restores the structural content but also fully preserves high-frequency features like
buildings. This advantage arises because the standard DDPM sampling mechanism used by
Repaint tends to generate content that aligns with surrounding semantic context, making
it prone to missing localized high-frequency details. By comparison, our CM-CR method
requires only 13 sampling steps, significantly reducing the risk of neglecting such high-
frequency information. In the red-marked area of Figure 12b, the cloud-covered region
contains dense buildings and other complex high-frequency details. In this case, models
such as Dsen2-CR, GLF-CR, UnCR, DiffCR, and Repaint-13 all fail to effectively reconstruct
such regions rich in fine-grained structures. Among them, the Repaint model can only
partially recover structural information, whereas our CM-CR model clearly reconstructs
the dense and complex high-frequency content. This result demonstrates the superior
generative capability and reconstruction effectiveness of CM-CR in challenging scenarios.

A “l...

Cloud - Cloud-free Dsen2-CR GLF-CR

..

Repaint CM-CR

Cloud-free Dsen2-CR GLF-CR

: ..

DiffCR Repaint-13 Repaint CM-CR

Figure 10. Qualitative comparison of scene structural reconstruction capabilities for cloud removal
algorithms. (a) shows a test scene with simple geometric structures, while (b) depicts a scene with more
complex topological patterns. Red-marked areas highlight key regions of reconstruction. For better visual
inspection, zooming in is recommended to examine differences in structural reconstruction quality.

Figure 13 provides a qualitative comparison of various cloud removal algorithms
applied to scenes with prominent high-frequency details and mixed-frequency charac-
teristics. As shown in the red-marked area of Figure 13a, the scene features dominant
high-frequency details, specifically bright building rooftops. Here, Dsen2-CR, GLF-CR,
and UnCR recover only coarse structural outlines and miss fine rooftop details. DiffCR
and Repaint-13 fail to preserve these features, leading to incomplete reconstructions with
visible artifacts. While Repaint achieves better structural recovery, it still shows color
inconsistencies and blurred rooftop edges. In contrast, our CM-CR model clearly restores
the bright rooftops with sharp structures and fine-grained details, demonstrating strong
localized high-frequency reconstruction. In Figure 13b, the scene combines low-frequency
textures with high-frequency details. For this mixed region, Dsen2-CR, GLF-CR, UnCR,
DiffCR, and Repaint-13 struggle to maintain texture continuity and structural sharpness,
often producing blurred or inconsistent areas. Repaint partially recovers textures and
boundaries but retains artifacts. By comparison, CM-CR generates coherent results that
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preserve both textures and embedded high-frequency details, showing its effectiveness in
complex mixed-frequency scenarios.

Repaint

! Cloud-free Dsen2-CR

UnCR DiffCR Repaint-13 ] Repaint CM-CR

Figure 11. Qualitative comparison of the structural and textural co-reconstruction performance of cloud
removal algorithms. (a) shows a test scene with simple geometric structures and uniform texture features,
while (b) depicts a representative scene containing complex topological structures and multi-scale textural
details. Red-marked areas highlight key regions of reconstruction. For better visual inspection, zooming in
is recommended to examine differences in structural reconstruction quality.

.

Cloud-free

Repaint

Cloud-free

UnCR DiffCR " Repaint-13 Repaint CM-CR

Figure 12. Qualitative comparison of the reconstruction performance of cloud removal algorithms in
scenes with varying levels of high-frequency information. (a) shows a relatively simple scene with
sparse high-frequency details, while (b) depicts a more complex scene rich in dense high-frequency
content. Red-marked areas highlight key regions of reconstruction. For better visual inspection,
zooming in is recommended to examine differences in structural reconstruction quality.

302



Remote Sens. 2025, 17, 3721
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‘ eaint- Repaint CM-CR
Figure 13. Qualitative comparison of the reconstruction performance of cloud removal algorithms in
scenes featuring dominant high-frequency details and mixed-frequency characteristics. (a) shows a
test scene where bright building rooftops serve as distinct high-frequency components. (b) presents a
composite scene where low-frequency textures and high-frequency details coexist. Red-marked areas
highlight key regions of reconstruction. For better visual inspection, zooming in is recommended to
examine differences in structural reconstruction quality.

In summary, the qualitative results across diverse scenes confirm that all baseline
methods struggle to simultaneously restore structural, textural, and spectral details under
dense cloud cover. Discriminative models often oversmooth fine structures, while DiffCR
and Repaint-13 fail to fully recover high-frequency elements due to limited sampling steps.
The standard Repaint method with longer sampling partially improves structural quality
but still shows color inconsistencies and high computational cost. Compared to these
baselines, CM-CR consistently achieves clearer structures, richer textures, and better local
detail preservation with a much faster sampling process, demonstrating its strong potential
for robust cloud removal in complex scenarios.

4.5. Ablation Study
4.5.1. The Effectiveness of SAR Image

To verify the effectiveness of SAR condition in cloud removal, both quantitative and
qualitative comparisons are conducted, as shown in Table 2 and Figure 14, respectively.

Quantitatively, the inclusion of SAR auxiliary information significantly enhances
reconstruction quality across all evaluation metrics. Specifically, compared to the w/o
SAR setting, the w/SAR configuration improves the PSNR from 28.431 to 34.191 and the
SSIM from 0.794 to 0.9346. Meanwhile, the SAM and MAE values drop from 0.177 to
0.042 and from 379.04 to 202.69, respectively. These results clearly demonstrate that SAR
conditioning improves not only the fidelity but also the structural and spectral consistency
of the reconstructed images.

Qualitatively, as illustrated in Figure 14, reconstructions without SAR exhibit pro-
nounced randomness in the generated textures and structures, especially in the heavily
cloud-covered regions, leading to unrealistic or distorted outcomes. In contrast, with SAR
assistance, the model effectively reconstructs terrain-aligned structures and fine-grained
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textures, guided by backscattering priors inherent in SAR data. This improvement can
be attributed to the auxiliary structural and backscattering information provided by SAR
imagery, which effectively compensates for the information lost due to cloud occlusion in
the optical domain.

These results jointly confirm the substantial benefit of incorporating SAR data into
the cloud removal framework, enabling more accurate, consistent, and reliable image
reconstruction under challenging cloud conditions.

Table 2. Ablation study on the impact of SAR conditioning for cloud removal.

Method PSNR (1) SSIM (1) SAM (!) MAE (|)
w/0 SAR 28.431 0.794 0.177 379.04
w/SAR 34.191 0.9346 0.042 202.69

Cloudy Cloud-free w/o SAR w/SAR

Figure 14. Qualitative comparison results illustrating the impact of SAR are shown. The label
“w/o0 SAR” denotes cloud removal outcomes without incorporating SAR imagery, whereas “w/SAR”
indicates results generated with SAR auxiliary.

4.5.2. Numbers of PDMSR

To investigate the impact of the number of resampling steps in the PDMSR strategy, we
conduct a visual analysis of the reconstruction quality under different sampling iterations.
The results are presented in Figure 15, which shows the cloud removal progression from
the initial noise (index 1) and the one-step coarse prediction (index 2), followed by PDMSR
refinement results corresponding to 1 to 18 PDMSR steps (indices 3-20).

It is observed that single-step sampling (index 2) struggles to produce satisfactory
reconstruction results, often leading to incomplete or noisy reconstructions in heavily
cloud-covered regions. As the number of PDMSR steps increases, the reconstructed regions
gradually improve in visual quality, exhibiting enhanced structural continuity and reduced
artifacts. Notably, by the 13th PDMSR step (index 15), CM-CR is already able to produce
high-quality reconstructions that closely resemble the underlying terrain. Further increas-
ing the number of steps beyond this point yields diminishing returns, with negligible
improvements observed in visual fidelity or detail enhancement. As summarized in Table 3,
reconstruction accuracy improves gradually with more PDMSR steps and stabilizes around
13 steps, while runtime grows nearly linearly with the number of steps. This supports our
choice of roughly 13 PDMSR steps as a practical efficiency—quality trade-off.

These findings suggest that while increasing the number of PDMSR steps enhances
reconstruction effectiveness, there exists an optimal threshold (around Step 13) beyond
which the benefits plateau. This insight provides a practical guideline for balancing
inference efficiency and reconstruction quality in real-world applications of the CM-CR
method.
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1" 12 13 14 15 16 17 18 19 20

Figure 15. Cloud removal progression with PDMSR steps. Index 1 denotes the initial noise; index 2
denotes the coarse prediction (one-step student inference); indices 3-20 denote results after applying
PDMSR with 1 to 18 refinement steps.

Table 3. Effect of PDMSR steps on reconstruction quality and runtime. Note that “Step = 1” corre-
sponds to the first PDMSR refinement output in Figure 15 (i.e., index 3 in that figure), following the
initial noise (index 1) and the one-step coarse prediction (index 2).

Steps PSNRT SSIMT SAM|  MAE(TOP)|  Time (s/img) |

1 29.125 0.858 0.1080 372.0 0.311
5 31.642 0.905 0.0550 245.0 0.933
9 33.172 0.928 0.0465 210.0 1.555
13 34.191 0.935 0.0420 202.69 2.178
17 34.213 0.936 0.0418 201.8 2.801

5. Discussion

In this section, we focus on two key questions: (1) How does CM-CR perform under
low-quality SAR input conditions? (2) How does its cloud removal performance compare
to baseline models across different levels of cloud coverage? Figure 16 illustrates two
representative failure cases of reconstruction due to poor SAR quality. Figure 17 provides
a quantitative comparison of image quality trends across methods under cloud coverage
ratios ranging from 0% to 100%.

SAR Cloudy Cloud-free Result

Figure 16. Qualitative performance analysis under low-quality SAR image conditions.
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Figure 17. Image quality metrics for different methods vary with cloud coverage levels. Subfigures
(a—d) show the PSNR, SSIM, SAM, and MAE variations across different cloud coverage
ranges, respectively.

5.1. Performance Analysis Under Low-Quality SAR Image

The reconstruction process of CM-CR is highly dependent on the auxiliary information
provided by SAR imagery, which places high demands on the quality of the SAR input.
As discussed in Section 4.4, we found that when SAR images accurately provide both
low-frequency and high-frequency information, CM-CR consistently achieves favorable
reconstruction results. However, in real-world applications, the quality of SAR imagery
often cannot be maintained at a consistently high level and may fail to deliver reliable
low- and high-frequency information. For example, as shown in the red-marked area
of the first row in Figure 16, the SAR image appears as a homogeneous region, whereas
the cloud-free reference image from another time indicates that the same region contains
complex structural details. This suggests that the SAR image has lost structural information
in that area, resulting in CM-CR failing to recover the corresponding structural features.
This demonstrates the limitation of CM-CR in its strong dependence on SAR image quality.

As shown in the second row of Figure 16, the reconstruction results produced by
CM-CR exhibit some randomness; nevertheless, some details are still recovered, and the
visual quality of the reconstructed region remains acceptable. This may be attributed to the
fact that although the efficient sampling strategy adopted by CM-CR enhances the model’s
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generalization capability to some extent, it is not universally applicable to all scenarios,
particularly when the auxiliary information provided by SAR imagery is relatively limited.

In the SEN12MS-CR dataset, the SAR images have already undergone standard pre-
processing, including radiometric calibration, speckle suppression, and terrain correction.
Therefore, the “low-quality” SAR samples observed in this study mainly originate from
intrinsic acquisition limitations rather than post-processing imperfections. Typical cases
include geometric distortions (layover or shadowing) and weak backscatter from smooth
or specular surfaces, where structural details are genuinely absent from the SAR signal
and cannot be recovered by conventional enhancement. To address this limitation, incorpo-
rating complementary information from multi-temporal optical observations or auxiliary
modalities such as Landsat-8, which provide reliable spectral reflectance and temporal
consistency, could effectively compensate for the missing structural or textural cues. From
the modeling perspective, designing modules that better capture the contextual and se-
mantic information of optical imagery—such as cross-modal attention or spatial-semantic
reasoning blocks—may further enhance reconstruction performance when SAR guidance
is degraded. These strategies indicate a promising direction toward a unified, multi-source
framework for robust cloud removal under challenging SAR conditions.

5.2. Analysis of Different Cloud Coverage

Figure 17 illustrates the quantitative trends of reconstruction quality for different
cloud removal algorithms as cloud coverage varies.

Figure 17a shows that as cloud coverage increases, the PSNR of all algorithms steadily
decreases, mainly because greater cloud coverage raises the complexity of recovering
surface information. Among the discriminative models, GLF-CR performs better than
Dsen2-CR and UnCR under light to moderate cloud coverage (coverage < 60%), consis-
tently maintaining higher PSNR values. However, once the coverage exceeds this threshold,
its performance deteriorates more rapidly. DiffCR consistently shows relatively low re-
construction quality across all cloud coverage levels, with PSNR values noticeably lower
than those of other baselines. Repaint and CM-CR, which rely on explicit cloud region
masks during reconstruction, are more affected under high-cloud-coverage conditions
(coverage > 60%). Notably, when cloud coverage approaches 100%, the PSNR of CM-CR
even falls below that of GLF-CR and Dsen2-CR. This indicates that explicit mask-based
models may become less robust in extremely dense cloud scenarios where accurate mask
estimation and guidance become more challenging.

In Figure 17b, a similar decreasing trend is observed for the SSIM. As cloud coverage
increases, the structural similarity achieved by the discriminative methods (Dsen2-CR, GLF-
CR, and UnCR) gradually declines. DiffCR and Repaint also exhibit a pronounced drop
in SSIM under heavy-cloud conditions, indicating limitations in maintaining structural
consistency. In contrast, the CM-CR method demonstrates a stronger capability to preserve
structural information, with its SSIM values consistently leading the other methods. This
result highlights that CM-CR can better leverage the auxiliary information provided by
SAR imagery to maintain structural coherence even under dense cloud coverage.

Figure 17c shows the evaluation results for the SAM. For this metric, a lower SAM
value indicates better spectral consistency. The discriminative models Dsen2-CR, GLF-CR,
and UnCR demonstrate relatively stable SAM values, with only slight increases as cloud
coverage increases. In contrast, the SAM value for the Repaint model rises significantly
when cloud coverage exceeds 80%, reflecting poorer spectral consistency under dense
clouds. However, although the CM-CR model exhibits clear advantages when cloud cover-
age is below 80%, its SAM value surpasses that of the UnCR model when cloud coverage
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exceeds this level. This indicates that our method may face limitations in maintaining
spectral consistency under very high-cloud-coverage conditions.

Figure 17d shows the variation in MAE with increasing cloud coverage. Among the
discriminative methods, UnCR generally produces higher MAE values under thick-cloud
conditions. As cloud coverage increases, DiffCR shows a pronounced increase in error.
While the Repaint method maintains moderate error levels, it does not match the lower
MAE achieved by CM-CR. The CM-CR method consistently yields the lowest MAE values,
with only slight increases over GLF-CR and Dsen2-CR when cloud coverage exceeds 80%.
This highlights the advantage of CM-CR in minimizing per-pixel reconstruction errors
across different cloud scenarios.

Overall, the results under different cloud coverage levels show that all methods
degrade as cloud coverage increases, reflecting the increasing challenge of recovering
structural and spectral details under dense clouds. Among the discriminative models,
methods like GLF-CR and Dsen2-CR remain relatively stable at low to moderate coverage
but decline more sharply beyond 60%. DiffCR consistently performs worse than the
discriminative baselines across all metrics, while Repaint achieves better reconstruction
quality than DiffCR and most discriminative models under moderate coverage but suffers
under very high cloud amounts due to its dependence on accurate masks. CM-CR maintains
clear advantages across most metrics and coverage levels, though its performance gap
narrows when coverage exceeds 80%, highlighting that further improvements are needed
to handle near-complete occlusion.

6. Conclusions

In this study, we proposed CM-CR, a novel consistency model-based architecture
that effectively removes thick clouds from optical remote sensing imagery. By integrating
SAR information and adopting a consistency distillation strategy, the model achieves
high-quality reconstruction while significantly improving sampling efficiency compared
to standard diffusion models. Extensive experiments conducted on the SEN12MS-CR
benchmark demonstrate that CM-CR consistently outperforms mainstream discriminative
and diffusion-based cloud removal methods in terms of PSNR, SSIM, SAM, and MAE
metrics. The key contribution of this work lies in dividing the complex reconstruction
process into a rapid coarse prediction and a progressive refinement stage, which balances
reconstruction fidelity and inference speed. In the future, further research will focus
on enhancing the model’s generalization capability for different satellite data sources,
exploring multi-modal data fusion, and reducing reliance on explicit cloud masks. This
work provides a promising direction for improving the usability of optical remote sensing
data under challenging cloud conditions.
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