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Abstract: With the continuous development of space remote sensing technology, the spatial resolution
of visible remote sensing images has been continuously improved, which has promoted the progress
of remote sensing target detection. However, due to the limitation of sensor lattice size, it is still
challenging to obtain a large range of high-resolution (HR) remote sensing images in practical
applications, which makes it difficult to carry out target monitoring in a large range of areas. At
present, many object detection methods focus on the detection and positioning technology of HR
remote sensing images, but there are relatively few studies on object detection methods using medium-
and low-resolution (M-LR) remote sensing images. Because of its wide coverage area and short
observation period, M-LR remote sensing imagery is of great significance for obtaining information
quickly in space applications. However, the small amount of fine-texture information on objects in M-
LR images brings great challenges to detection and recognition tasks. Therefore, we propose a small
target detection method based on degradation reconstruction, named DRADNet. Different from the
previous methods that use super resolution as a pre-processing step and then directly input the image
into the detector, we have designed an additional degenerate reconstruction-assisted framework to
effectively improve the detector’s performance in detection tasks with M-LR remote sensing images.
In addition, we introduce a hybrid parallel-attention feature fusion module in the detector to achieve
focused attention on target features and suppress redundant complex backgrounds, thus improving
the accuracy of the model in small target localization. The experimental results are based on the
widely used VEDAI dataset and Airbus-Ships dataset, and verify the effectiveness of our method in
the detection of small- and medium-sized targets in M-LR remote sensing images.

Keywords: remote sensing; deep learning; medium-low-resolution images; object detection;
super resolution

1. Introduction

Space remote sensing technology obtains image data through Earth detection via
satellite remote sensors, and is widely used in national defense and civilian fields [1-6].
How to obtain small target information from massive remote sensing data is an important
research question in the field of computer vision [7]. In recent years, with the develop-
ment of space remote sensing technology and semiconductor optical devices, the spatial
resolution of remote sensing images has been continuously improved. HR remote sensing
images can present rich details and clear texture features of objects. Therefore, most current
studies are based on HR remote sensing images [8-11]. However, due to the limitation
of sensor lattice size, HR remote sensing images render it difficult to obtain a large range
of remote sensing images, which is not conducive to real-time monitoring in wide-area
space. In contrast, M-LR remote sensing images have the characteristics of long detection
distances, wide coverage, and strong data timeliness. With the same amount of data, M-LR
remote sensing images can cover a wider area, so they are more practical for large-scale
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target monitoring, rapid search tasks, and positioning. However, M-LR images contains a
small number of pixels, low clarity, and fuzzy imaging, which makes the appearance and
texture information presented by the target extremely small. This brings great challenges
to the detection task [12]. In Figure 1, different appearance characteristics of vehicle and
ship targets in HR remote sensing images are shown. In M-LR images, a large amount of
detailed information is lost, and the boundary between the target and the background is
blurred, which greatly increases the difficulty of detection. These images were taken from a
SPOT satellite.

Figure 1. Examples of objects in remote sensing images with different resolutions. The image on the
left is an HR image, and the image on the right is an M-LR image.

At present, there are few studies devoted to target detection within M-LR remote
sensing images. Due to the low spatial resolution of these images, the information and
detailed characteristics of the target are not obvious, and it is easy for complex backgrounds
to interfere, which increases the difficulty of small target detection. Some existing traditional
algorithms for small object detection in remote sensing images are susceptible to clutter
in the background and need to rely on fine-feature and texture information for detection,
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such as gray statistical features [13], shape texture feature extraction [14], and template
matching [15], etc. It is difficult to achieve the detection effect with strong robustness and
versatility. With the development of object detection technology, deep learning networks
have made great breakthroughs in object detection within remote sensing images by virtue
of their powerful capabilities of automatic feature extraction and excellent portability,
such as NWD [16], RFLA [17], SuperYOLO [18], etc. However, there is still room for
improvement in the detection in M-LR remote sensing images. At its core, the use of deep
learning networks to detect small targets in M-LR remote sensing images mainly covers
two aspects: on the one hand, they are used to enhance the feature information of the
target and strengthen the network’s ability to extract and learn the target features, and
on the other hand, they are used to suppress the interference of complex backgrounds.
The combination of the two can make the target and background more recognizable, and
this is more conducive to the network’s ability to learn and detect. Therefore, we focus on
enhancing the network’s learning ability to target features and suppress the background,
having designed a method for small target detection within M-LR remote sensing images
based on deep learning networks, named the degradation reconstruction-assisted detection
network method (DRADNet). We use the degradation reconstruction module to degrade
the HR remote sensing images acquired from the sensor into M-LR remote sensing images
with different sizes and different blur degrees, so that they are closer to the real detection
scene. We use the assisted enhancement module to learn different degraded images, so as
to improve the detection network’s ability to cope with the change in scale and clarity. This
is helpful for obtaining a more robust detection effect and achieving higher precision for
small target detection. The main contributions of this paper are as follows:

1.  We have designed a degradation reconstruction-assisted enhancement branch for
learning M-LR remote sensing images with different degenerated degrees, and used it
as a branch structure of the network to guide the model to capture feature expressions
at different resolutions, so as to improve the feature learning ability of the network in
M-LR images.

2. To capture target details effectively and suppress the interference of redundant back-
ground information, we propose a feature fusion module based on hybrid parallel
attention. This module can effectively use the feature information to help the network
screen out the target against a complex background. It can make the network focus on
the target features and improve the ability of feature extraction and model detection
accuracy at the same time.

3. We propose a method for small target detection within M-LR remote sensing images
based on a degradation reconstruction-assisted detection network (DRADNet). We
describe the results of extensive ablation experiments to demonstrate its effectiveness.
In addition, we compare the results of several mainstream methods on public datasets.
The results show that our method can improve the accuracy of detection significantly
and has competitive performance.

2. Related Works
2.1. Image Super Resolution

Image super resolution (SR) refers to the process of restoring an HR image from an M-
LR image or image sequence. Super-resolution reconstruction technology has played a very
important role in many fields such as satellite remote sensing, astronomical observation,
security, biomedicine, and historical image restoration [19]. Super-resolution reconstruction
methods based on deep learning have made breakthroughs and achieved significant results
on various benchmarks. Dong et al. [20] first applied a convolutional neural network to
super-resolution reconstruction technology and proposed the SRCNN, a super-resolution
reconstruction convolutional neural network. Although this neural network has only three
layers, it achieved remarkable results compared with classical super-resolution algorithms
used in the past. The emergence of the SRCNN has opened up new research ideas for the
development of image super-resolution reconstruction technology and attracted domestic
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and foreign scholars to apply various variants of neural networks to image super-resolution
research, including convolutional neural networks [21], adversarial neural networks [22],
and combinations of the two [23]. Shi et al. [24] proposed a more efficient network, the
ESPCN, which directly extracts features from LR small maps and greatly reduces training
time. Kim et al. [25] proposed the use of a deeper network to learn the high-frequency
residuals between HR images and LR images, effectively solving the problem of difficult
convergence. Ledig et al. [26] proposed a generative adversarial network [27] to solve the
problem of super resolution for the first time, in which perceptual loss and adversarial loss
are used to enhance the visual realism of pictures. In addition, more image super-resolution
algorithms based on deep learning have been derived, such as the DRCN [28], WDSR [29],
EDSR [30], and SCNet [31] methods, etc.

The above non-blind image super-resolution algorithms based on deep learning usu-
ally synthesize HR and LR image pairs as training sets through predefined downsampling
methods, which makes the process of reconstructing low-resolution images into high-
resolution images become standardized. However, the degree of blur degradation of
remote sensing images in the real world is different. Therefore, only using predefined
downsampling methods cannot well reflect the super-resolution reconstruction effect of re-
mote sensing images in real scenes. Moreover, the gap between the predefined degradation
method and the actual degradation will largely undermine the performance of the SR algo-
rithm in practical applications [32-34]. In order to make super-resolution reconstruction
algorithms more reliable and further solve the challenges faced in real application scenarios,
some super-resolution methods based on blind degradation [35-38] have been proposed.
Chen et al. [39] proposed a nonlinear degradation model to narrow the gap between the real
scene and the trained image pairs. Zhang et al. [40] proposed a probabilistic degradation
model to model random factors in the degradation process and make it automatically learn
the degradation distribution of SR images. Zhang et al. [41] proposed a unified gated
degradation model to avoid ignoring common corner cases in the real world and generate
more extensive degradation cases. Wang et al. [42] used high-level degradation modeling
to better simulate the complex real-world degradation process.

These blind SR methods based on deep learning degrade the input images recon-
structed at high resolution to make them closer to the real remote sensing images, thus in-
creasing the reliability of image super-resolution reconstruction. Many research works have
confirmed that modeling the approximate coverage degradation space is effective. Inspired
by the blind degradation model, we designed an image degradation model before super-
resolution reconstruction to enhance the robustness and reliability of the super-resolution
reconstruction branch, and combined the two to form a degradation reconstruction-assisted
enhancement branch as a super-resolution-assisted branch. Different from the method of
preprocessing the image to obtain a high-resolution image, the purpose of this assisted
branch is to guide the model to learn high-quality feature representations during the super-
resolution reconstruction process, thereby enhancing the feature response to small targets
and improving the detection performance for small targets in medium and low-resolution
remote sensing images.

2.2. Object Detection

Due to the limitation of spatial resolution, the objects in M-LR remote sensing images
lack texture information and the proportion of pixels is very small, which increases the
difficulty of detection. There are relatively few algorithms for small target detection
in M-LR remote sensing images, and the common ones are based on gray distribution,
visual saliency, and deep learning. The method based on gray distribution finds the
position of the target contour according to the discontinuity of the image gray value,
and the segmentation between the target and the background is completed by designing
the gray threshold. Yang et al. [43] proposed a function for selecting ship targets by
using intensity and texture information, which can automatically assign weights and
effectively shield the background area to optimize the detection performance. This method
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is suitable for cases where the contrast between the target and the background is large,
but the detection effect is not ideal for images with similar colors. The method based
on visual saliency simulates the characteristics of the human visual system, and extracts
the significant regions in the image through the spatial domain or a transform domain
algorithm. Song et al. [44] constructed pixel intensity features and noise edge features
from the spatial domain, used the contrast sensitivity function to weight different feature
maps, and then realized small target detection in optical remote sensing images with noise
through a difference algorithm. This verified the feasibility of visual saliency algorithms
for small target detection in M-LR remote sensing images. This method has a good effect
on suppressing background noise, but it is prone to producing false alarms when the
image is affected by illumination and weather. In contrast, the feature learning capability
of deep learning methods can effectively adapt to small target detection in M-LR remote
sensing images. Rabbi et al. [45] proposed an Edge-Enhanced GAN (EESRGAN) combined
with super-resolution technology: they combined it with different detection networks
to complete end-to-end target detection, effectively improving the detection accuracy
of small- and medium-sized targets in M-LR remote sensing images. Zou et al. [46]
designed a method that uses image scaling to guide image super-resolution training (RASR),
embedding more information into M-LR remote sensing images in order to achieve better
detection performance. Chen et al. [47] designed a degradation reconstruction enhancer
and combined it with an improved YOLOVS5 network, then obtained the degradation
reconstruction enhancement network (DRENet). This network can effectively realize ship
detection in M-LR remote sensing images. He et al. [48] designed a feature distillation
framework to make full use of the information in HR remote sensing images to process
ship targets in M-LR images, and combined the framework with mainstream detectors to
achieve relatively high-precision target detection. Although network models based on deep
learning have made some achievements in small target detection, their detection accuracy
still has great room for improvement.

2.3. Feature Fusion

Feature fusion is an image processing method that combines multiple different features
to obtain richer feature information. It can also reduce the data dimension and improve the
robustness of the algorithm. Since small targets have less feature information, it is necessary
to make more full use of the detail information in the image. Therefore, feature fusion
is widely used in the detection of small targets. Among them, multi-scale feature fusion
uses low-level features to help the network obtain discriminative feature information and
accurate positioning information, which greatly enhances the detection and recognition
of small targets. Lin et al. [49] proposed the RetinaNet, which draws on the idea of multi-
scale target detection, and adopted an improved loss function to solve the problem of
class imbalance between positive and negative samples in the model training process,
thus improving the detection effect on small targets. Lin et al. [50] proposed feature
pyramid networks (FPNs) in order to combine M-LR’s strong semantic features with HR’s
weak semantic features, using top-down paths and horizontal connections in multi-scale
feature maps to enhance the information of feature maps. Although the FPN structure
can make full use of the semantic information of feature maps of different scales, shallow
feature information is seriously lost after the bottom-up multilayer transmission. Later, Liu
et al. [51] proposed a path aggregation Network (PANet) based on the FPN, which added a
bottom-up path enhancement structure to achieve the purpose of better preserving shallow
feature information. This structure not only achieves good results in instance segmentation
tasks, but also plays a certain role in object detection tasks. Liu et al. [52] also put forward
an adaptive spatial feature fusion method, called Adaptively Spatial Feature Fusion (ASFF),
where through adaptively learning the fused spatial weights of the feature maps at each
scale, the feature inconsistency problem caused by the simultaneous existence of feature
maps with different scales in the feature pyramid is effectively solved.
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For target detection tasks, high-level and low-level information are complementary.
The above multi-scale feature fusion method can achieve the fusion of low-level semantic
information and high-level feature information through bottom-up path enhancement and
lateral connection. However, in each fusion process, the feature information of small targets
will be lost or diluted to a certain extent. In order to reduce the adverse effects of feature
fusion and retain the detailed features of the target as much as possible, we have introduced
an attention mechanism module into the feature fusion model. The attention mechanism
module suppresses irrelevant information and enhances semantic information, reduces
information loss in the feature fusion process, and further improves the network’s effect in
small target detection.

3. Method
3.1. Overall Structure

The overall structure of DRADNet is shown in Figure 2. It consists of a degraded
reconstruction-assisted enhancement branch and a detection branch. Among them, target
detection is the main task, and the introduced super-resolution branch only serves as an
auxiliary guide to enhance feature learning. In the training and inference stages of our
method, the model adopts different structures. The part connected by the dotted line is the
degraded reconstruction auxiliary enhancement branch we designed, which consists of an
image degradation module and a super-resolution reconstruction branch. As an auxiliary
branch, this branch plays an important role in the training process. It supervises the model
to extract high-quality target feature representation by sharing the backbone network
part with the target detection branch, thereby avoiding information loss caused by the
network in the downsampling process, to a certain extent, and better learning target feature
information. The part connected by the solid line is the detection branch we designed,
which is used to detect the target. We introduced a hybrid parallel-attention mechanism
into the feature fusion network, which can guide the network to pay more attention to the
feature information of small targets and effectively suppress the interference of redundant
background information. The detection branch and SISR branch share the same backbone
network to share optimization weights, helping the detection network learn the ability
to extract high-quality features in the super-resolution reconstruction process, thereby
guiding the detection model to enhance its feature response to small targets and improve
its performance in the detection of small targets in medium- and low-resolution remote
sensing images.

() HPA-FPN SISR Branch
(@)
! -=-» SSR --->» Lpr
i -1 >
A : g
DEM { 2
' (b)
: —_—
teccccccaaa > ‘ D 0
—W etector Det
LR Images
Degradation Encoder E HPA-FPN Detection Branch

Figure 2. Illustrations of the architecture of the proposed method DRADNet: (a) the degradation
encoder module for building a real-world degradation space (yellow part); (b) the object detection
branch for achieving accurate acquisition of small targets (green part); (c) the single-image super-
resolution reconstruction branch for guiding the detection network to better learn the target features
(pink part).
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During the training process, one inputs the high-resolution image into the degradation
coding module to obtain low-resolution images of different sizes through random degra-
dation, and then guides the feature extraction network of the target detection branch to
learn how to effectively extract high-quality target features through the supervision of the
super-resolution branch. Among them, the degradation coding module is used to obtain
LR images of different sizes that are closer to the actual degradation, so as to cover the
unknown degradation conditions in the real low-resolution remote sensing images as much
as possible. Then, each obtained LR image is sent to the SISR branch and the detection
branch for model training. The SISR branch reconstructs the degraded LR image with
super resolution, thereby enhancing the feature information of the target. Through the SISR
branch, the model is guided to have the ability to learn high-quality feature information of
the target. The detection branch uses the CenterNet [53] detector without anchor boxes,
which has a simple structure and higher versatility. The two branches share the same
backbone network. Through continuous training and loss optimization, the detection
network can have the ability to achieve super-resolution enhancement of the target features
when detecting medium- and low-resolution images of the original dataset without going
through a super-resolution reconstruction module. This intentionally guides the detection
branch to better extract prominent features similar to those after high-resolution reconstruc-
tion, thereby ensuring that the network achieves better detection results without increasing
the amount of additional computation.

In the training process of the entire network, the super-resolution reconstruction
branch plays an important role. However, in the actual reasoning process, the degraded
reconstruction auxiliary branch will be removed and will not participate in the reasoning
process of the entire model, thereby effectively improving the performance of the detector
without increasing the computational cost of model reasoning. Specifically, the medium-
and low-resolution remote sensing images in the selected dataset will be directly entered
into the detection branch for detection tasks without going through the SISR branch. At
this time, the trained detection network has the ability to extract high-quality target feature
information after super-resolution reconstruction. In addition, we introduced an attention
enhancement mechanism in the feature fusion network, which can guide the network to
pay more attention to the feature information of small targets, suppress redundant complex
backgrounds, and improve the robustness and stability of detection. The proposed work is
introduced in detail below.

3.2. Degradation Reconstruction-Assisted Enhancement Branch

Firstly, we designed a degradation reconstruction-assisted enhancement branch, which
has two functions of image degradation and super-resolution reconstruction. By using
the degraded model, M-LR images of different sizes and resolutions can be obtained and
sent to the SISR branch for training, so that the network has the ability to learn images of
different degradation degrees and extract objects. The degradation reconstruction-assisted
enhancement branch is used as an assisted training branch in the whole network to guide
the model to capture feature expressions at different resolutions, so as to improve the
feature learning ability of the network in M-LR images.

3.2.1. Degradation Reconstruction-Assisted Enhancement Branch

The traditional degradation model assumes that HR images are affected by various
degradation types, which usually include three key factors: blur, noise, and downsampling.
Mathematically, the degradation process is given by Equation (1):

D(x) = (x® k) Js +n M

where D(x) represents the degradation process of the image, k represents the fuzzy kernel,
x represents the original HR image, |s represents an s-times downsampling operation, and
n represents the noise. The order of degradation in existing methods is fixed. First, the
HR image is blurred by convolution with the fuzzy kernel. Then, it is downsampled to
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reduce the image resolution. Finally, a degraded M-LR image is obtained by superimposing
additive noise. This method uses a fixed fuzzy kernel and noise on the input HR image, and
then obtains the M-LR image with the same degree of degradation after a fixed degradation
sequence and a fixed downsampling size. However, in practical applications, remote
sensing images are usually affected by satellite platforms, imaging sensors, atmospheric
interference, and other factors, resulting in unknown complex degradation. A single
degradation method cannot well simulate actual degradation. Therefore, in order to cover
the unknown degradation in real M-LR remote sensing images as much as possible, we
introduced a practical degradation representation module to achieve the goal of better
approximating real degradation.

The overall structure of the degradation module is shown in Figure 3, which is mainly
realized through the mixed random downsampling mechanism and the gated random
selection mechanism. The mixed random downsampling mechanism obtains degraded
images of different sizes by randomly placing them at different locations in the degraded
model, unlike the traditional degradation model, which can only obtain images of the
same size by fixing the downsampling multiple, so as to have a more effective represen-
tation of real image degradation. The gated random selection mechanism creates more
subsets of degradation types through the randomness of the gated switch. It can ran-
domly process images with different downsampling degrees for fuzzy processing or noise
processing, or a combination of both, unlike the traditional method which is limited by
fixed degradation types and degradation order, thus forming a more powerful degradation
representation model.

® Convolution @ Element-wise sum
@ Downsample E Gate function

Downsampling
- bilinear

- bicubic
- area
-rate s

1 2Ds)

o 7

V)
8%

LR image
Blur 5
: . Noise
- isotropic o
; . - gaussian
- anisotropic o
; - variance ¢
- kernel size

Figure 3. The detailed structure of the proposed degradation module.

Blur is a very common degradation type in remote sensing images. Here, we modeled
the blur degradation as a convolution operation between the image and the Gaussian filter.
In order to include a variety of Gaussian blur types, we chose two kernel forms of the
Gaussian filter for our degenerate model: they are isotropic and anisotropic, respectively.
Their dimensions range from {7 x 7,9 x 9,..., 21 x 21}, and are taken randomly from
this range. Among them, the kernel width of the isotropic Gaussian kernel is uniformly
sampled in the range of [0.1, 2.4], the longer kernel width of the anisotropic Gaussian kernel
is uniformly sampled in the range of [0.5, 6], and the kernel angle is uniformly sampled in
the range of [0, 7].
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Downsampling is the basic operation of conversion from high resolution to low resolu-
tion. Different downsampling methods will bring different effects. There are many common
downsampling methods, including nearest-neighbor interpolation, bilinear interpolation,
bicubic interpolation, area adjustment, and so on. Because the nearest-neighbor interpola-
tion downsampling causes the space deviation error, we discarded it. In order to achieve
complex and diversified downsampling degradation, we randomly chose the downsam-
pling order, i.e., through the three parameters p1, p2, and p3, where the downsampling
rate is obtained from the uniform sampling of [1.0, 4.0].

Noise is widespread in remote sensing images and is caused by various external factors.
Gaussian noise is the most widely used noise type. Considering that noise information was
unknown, we conservatively adopted the Gaussian noise model to simulate sensor noise
and other external noise. Here, our method uses the widely used channel-independent
additive white Gaussian noise (AWGN) model n~N(0, o) in Equation (1). Variance o is
obtained from a uniform sampling of {1/255,2/255, - - -, 25/255}.

The HR remote sensing image is randomly processed by the above fuzzy, down-
sampling, and noise techniques, and the M-LR remote sensing image is closer to the real
degradation. Downsampling must be experienced; pl, p2, and p3 represent different
probabilities, which determine the position of the image to be downsampled—here, we
set these to 10%, 10%, and 80%, while blur and noise are randomly experienced and are
controlled by the gate switch. For example, after the image enters the degradation model, it
may be randomly downsampled first, followed by blur and noise processing, or it may be
blurred first, followed by downsampling and noise processing, or it may only go through
downsampling plus one of either the blur or noise processes. All in all, downsampling
must be experienced, noise and blur can be randomly selected through gating, and the
positions of the three are also randomly selected. This degradation method can obtain
M-LR images with different degradation degrees and sizes, which are closer to the images
obtained in the actual scene.

3.2.2. Single-Image Super-Resolution Branch

In convolutional neural networks, with the increase in the number of backbone feature
extraction network layers, the downsampling multiple increases, the feature map size de-
creases, and the receptive field increases. The model can extract more semantic information
through hierarchical downsampling, but it is prone to losing some important details in the
process. Especially for M-LR remote sensing images with low resolution and weak target
texture information, more feature information will be lost after the extraction of the back-
bone. In order to solve this problem, we introduced an SISR branch, which aims to enhance
the feature information of the target through super-resolution reconstruction of the feature
map after feature extraction, strengthening the ability of the network to extract and learn
the target features. The overall structure of the SISR branch is shown in Figure 2, which is
composed of the backbone network and SRR module. The SISR branch shares the feature
extraction backbone network with the detection branch, so that the detection network can
learn the capability of super-resolution reconstruction. M-LR images are firstly aggregated
by the feature fusion module with different scale features from the backbone, and then the
aggregated features are sent to the SRR module for super-resolution reconstruction.

As shown in Figure 4, the deep features after HPA-FPN feature fusion are input into
the SRR module and converted into corresponding SR images. The obtained SR images
and the original HR images are used to minimize the learning error. Specifically, given a
low-resolution deep feature, the feature is first continuously upsampled by an alternating
cascade of Spatial Shift-Conv Residual Block (SSCBlock) and upsampling operations. After
that, the upsampled features generated by skip connections are aggregated. Finally, the re-
constructed SR image is obtained through a pixel-shuffle operation with the superimposed
features. Among them, SSCBlock mainly includes 1 x 1 convolution, 3 x 3 convolution,
a spatial shift operation, and a ReLU activation function. The specific structure is shown
in Figure 4. SSCBlock can align features of its neighbors and aggregate local features by
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means of the spatial shift operation. It can further extend the extraction of long-distance
feature relations by controlling the selection of shifted feature points.

%ﬂg SRR
2
> g 2
[
§ 3
o0 o0
2y 2y s
[=" o o)
SSCBlock —> £ |.2—> SSCBlock > g‘% > > g)_? % » SR
HE HE ~ %
= -

1x1 Conv
Spatial Shift
ReLU
1x1 Conv
3x3 Conv

Figure 4. The overall structure of the SRR module.
3.3. Feature Fusion Module HPA-FPN

The traditional feature pyramid structure can alleviate the problem of information
loss to a certain extent by directly blending M-LR and HR feature maps, but the direct
fusion of features at different stages limits the expression of multi-scale features, which
easily causes small targets to be submerged in a large amount of information. Finding a
way to suppress the interference in the complex background information and make the
network pay more attention to the detection of small targets is the key to enhancing the
feature extraction capability of the backbone network. Therefore, we introduced a hybrid
parallel-attention mechanism into the backbone network and propose a composite-structure
FPN, the principle of which is shown in Figure 5. In the feature fusion stage, HPA-FPN
takes the features generated by the backbone network with different resolutions {c1, 2, c3,
c4} as inputs, extracts the features through the hybrid parallel-attention mechanism, and
fuses them to obtain {p1, p2, p3, p4}.

The detailed structure of the proposed HPA is shown in Figure 5, which we define as a
two-branch parallel module. For the given input feature Z € RE*H*W our method passes
it to the branches separately and outputs a thinning feature of the same shape. For the left
branch, our method aims to aggregate the feature maps in each channel to fully learn the
specific relationships between channels. First, the input feature map is globally pooled
to obtain a feature map with shape C x 1 x 1. The channel is then scaled r times by the
2D convolution of 1 x 1 and the nonlinear activation function ReLU, and its characteristic
shape is transformed to C/7 x 1 x 1. The channel is then restored to C by a 2D convolution
of 1 x 1. Finally, the weight W of each feature channel is obtained through the mapping
operation of the Sigmoid activation function. For the right branch, our purpose is to learn
the spatial information of features, so as to better focus the effective information on the
feature map. First, the input feature maps are average-pooled in the X and Y dimensions,
respectively, and feature maps with shapes of C x H x 1 and C x 1 x W are obtained,
respectively. Then, these two feature maps are spliced in the spatial dimension and a 2D
convolution of 1 x 1 is used to obtain a feature map with the shape C/r x 1 x (W + H).
Then, BatchNorm and the nonlinear function are used to encode the spatial information in
the X'and Y directions. Next, the channel is restored to C through a split operation and a 2D
convolution of 1 x 1, respectively. Finally, the weight Wg is also mapped by the Sigmoid
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activation function. We can then multiply the attention weights W and Wg, the values
obtained from the two branches, element by element with the original input feature map to

obtain the refined features.

HPA-FPN

l Input

Resi

—

dual CxHxW

e

Input Global Avg Pool X Avg Pool Y Avg Pool
—_— > -
CS Cxlxl1 l leHxl l CxI1xW
C3 C4 Conv2d Concat + Conv2d
C2
\ Chrxl1xl1 l l C/rx 1 x(W+H)
HPA HPA HPA HPA Non-linear BatchNorm + Non-linear
l l split l
Conv2d Conv2d Conv2d
CxlIxl l 1Cxl|xl 1 CxlxW
Sigmoid Sigmoid Sigmoid
e ~ =
P4 PS5 Re-weight | cxHxw
P3 1
P2 Output

Figure 5. Proposed structure of HPA-FPN.

3.4. Loss Function

The loss of our network mainly consists of two parts, namely degradation reconstruc-
tion loss and target detection loss. These two types of losses are described as follows:

(1) Degradation Reconstruction Loss

The aim of the image super-resolution reconstruction branch is to generate clear HR
images from degraded input M-LR images. Only one degenerate reconstruction loss Lpp is
included in this branch. Here, we define Lpg as the L distance between the reconstructed
image Isg after degradation and the original HR image IR, expressed mathematically as
Formula (2).

Lpr = Isg = Inr [l1 )
(2) Target Detection Loss

The loss of the target detection branch Lp,; includes the dimension prediction branch
loss Lg, the center-point displacement loss Lo, and the center-point prediction loss L.
Gaussian Focal loss is used for the center-point prediction loss, and L; loss is used for the
dimension prediction branch and center-point displacement loss. The total loss of the target
detection branch is defined as shown in Formula (3). In this formula, the hyperparameters
A1 and A are set to 0.1 and 1, respectively.

Lpet = AMLs + A2Lo + Lc 3)
(3) Total Loss

When we jointly train the super-resolution reconstruction subnetwork and the object
detection subnetwork, the mathematical expression of the total loss is shown in Formula (4),
where « and B are balance factors.

Lytq1 = &LpR + BLpet (4)
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The total loss is the key to guiding the network training and optimization. The detec-
tion branch can continuously optimize its learning ability of super-resolution reconstruction
through the guidance of total loss to achieve better detection results.

4. Experiments
4.1. Dataset and Experimental Details

To evaluate the effectiveness of our proposed method, two challenging datasets con-
taining a large number of small objects were selected for experimentation, namely the
VEDALI dataset [54] and the Airbus-Ships dataset [55]. In order to better verify the method
of this paper, we conducted some processing on the datasets, respectively, and the specific
processing details are described as follows.

4.1.1. VEDAI Dataset

VEDALI is a small and medium vehicle object detection dataset for visible-light remote
sensing images published by Razakarivony et al. It uses cropped images obtained from
the Utah AGRC. The background and distractors of the targets in this dataset are diverse,
covering complex scenes such as cities, fields, forests, and mountains. After eliminating the
very few targets and erroneous data in the dataset, the data contain 1245 images of nine
common types of vehicles: boats, campers, cars, pickups, planes, tractors, trucks, vans, and
others. There are 3750 targets in this dataset, each with a size of 1024 pixels x 1024 pixels
and 512 pixels x 512 pixels, respectively, and a spatial resolution of 12.5 cm x 12.5 cm
per pixel and 25 cm x 25 cm per pixel, respectively. The training set and the test set were
composed of 996 and 249 images, respectively. The dataset has strong robustness not only
because its targets are very small, but also because it has the condition of illumination
change and occlusion. The statistics of the VEDAI dataset are shown in Table 1, which
shows the data distribution of the training and testing samples.

Table 1. Statistics of the VEDAI dataset.

Targets in the Targets in the Test

Class Name Training Set Set Total

Car 1110 267 1377
Truck 242 65 307
Pickup 766 189 955
Tractor 154 36 190
Camping Car 326 71 397
Boat 139 32 171
Van 80 21 101
Other Vehicle 153 51 204
Plane 40 8 48

3010 740 3750

4.1.2. Airbus-Ships Dataset

The Airbus-Ships dataset is provided by Airbus in the Ship Detection Challenge
launched in Kaggle. Airbus collects satellite remote sensing images containing ships.
This dataset comprises remote sensing images that contain a single ship or several ships,
located in the open sea, at docks, on marinas, etc. There are 2730 images in this dataset,
of which 2184 were used for training and 546 were used for testing. Each image has two
specifications of 768 pixels x 768 pixels and 384 pixels x 384 pixels, respectively.

4.1.3. Implementation Details

All experiments were built on the Ubuntu platform and based on the PyTorch deep
learning framework for model training and inference on the NVIDIA3090 graphics card
in this paper. In these experiments, we adopted the Stochastic Gradient Descent (SGD)
method for training, the initial learning rate was 0.02, and the momentum and weight
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decay parameters were set at 0.0001 and 0.9, respectively. For the evaluation of the experi-
ment, we used the commonly used average accuracy (map) as the main index of method
performance comparison.

4.2. Ablation Study

In this section, we performed a series of ablation experiments on the VEDAI dataset
in order to verify the validity of key modules in our proposed method. Compared with
the Airbus-Ships dataset, the VEDAI dataset has better richness and complexity, so it can
better evaluate the actual effect produced by the method in this paper. In the experiments,
we used CenterNet as the baseline model and gradually added the different proposed
components to show the impacts they bring. The results of our ablation experiments on the
VEDAI dataset are shown in Table 2.

Table 2. Ablation experiments performed on the proposed modules using the VEDAI dataset.

Method SISR Branch HPA-FPN mAPs,
Baseline - - 64.4
v - 72.3
DRADNet - v 69.8
v v 77.5

Three different combinations were used to enrich our experimental effect, namely
adding the SISR branch separately, adding HPA-FPN separately, and adding the SISR
branch and HPA-FPN simultaneously. The experimental results are shown in Table 2.
When the SISR branch structure was added separately, the mAP index increased by 7.9%,
indicating that the super-resolution reconstruction module plays a good role in enhancing
the target features and can help the network to better detect the target. When the HPA-FPN
structure was added separately, the mAP index increased by 5.4%, indicating that when
the hybrid parallel-attention mechanism is introduced into the backbone network, the
interference of redundant background information can be effectively suppressed, and the
network’s ability to extract and recognize small target features can be improved. When
these two structures were added to the network, the overall detection performance of the
network improved by 13.1%, indicating that the SISR branch and detection branch share
the backbone network, which can well enable the detection branch to learn the ability of
super-resolution reconstruction and enhance the feature extraction ability of the network in
relation to small targets while suppressing background interference. Thus, the detection
performance is effectively improved. The results of the ablation experiments clearly show
the effectiveness of our proposed method, which brings benefits to the detection of small-
and medium-sized targets in M-LR remote sensing images.

4.3. Experimental Results and Discussions

To further evaluate the performance of our method for small target detection within
M-LR remote sensing images, we compared our method with several commonly used
advanced detection methods, including common general target detection methods, such as
Faster R-CNN [56], Cascade R-CNN [57], CenterNet [53], FOCS [58], and RetinaNet [49].
At the same time, we also compared small target detection algorithms for remote sensing
images, such as SuperYOLO [18], RTMDet [59], NWD [16], and RFLA [17]. In order to
ensure the validity and accuracy of the comparison results, we ensured that all of the
compared algorithms were carried out on the same platform and under the same training
reasoning conditions. The experimental results of our method on the VEDAI dataset and
Airbus-Ships dataset are described in detail below.
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4.3.1. Results on the VEDAI Dataset

The VEDALI dataset covers small targets in different scenarios, which exhibit a large
amount of similar-target interference. Here, we compare the test results achieved using
DRADNet on the VEDAI dataset with those achieved with some other advanced detection
methods. As shown in Table 3, the mAP evaluation index of our proposed method in
the VEDAI dataset reaches 77.5%; compared with the common general object detection
algorithms Faster R-CNN, Cascade R-CNN, CenterNet, and RetinaNet, the mAP value
is increased by 11.4%, 9.7%, 13.1% and 26.3%, respectively, and the detection accuracy
of various types of targets is greatly improved. As can be seen from Figure 6, compared
with the general algorithm, DRADNet is more suitable for small target detection in com-
plex backgrounds. In Figure 6¢, due to more distractors around the target, the Cascade
R-CNN algorithm shows incorrectly detected targets, and there is the phenomenon of
misclassification of target categories in Figure 6b. The robustness and adaptability are
not as good as those of DRADNet. Compared with the small object detection algorithms
SuperYOLO, RTMDet, NWD, and RFLA for remote sensing images, the mAP value is
increased with DRADNet by 4.4%, 10.4%, 9.2%, and 5.9%, respectively, which also shows
great improvement. DRADNet also has the highest mAP in the car, truck, pickup, tractor,
camping car, boat, and van categories. As shown in Figure 6a, the RTMDet algorithm has
the problems of misdetection and object classification error. In Figure 6b, the RTMDet and
RFLA algorithms have confused the car and pickup targets to varying degrees, and do not
show accurate discrimination. In the dense case shown in Figure 6d, the target boundary in
the M-LR image is blurred, which causes a great hindrance to the accurate identification of
the target. However, the method we propose shows good performance in all of the above
cases, and alleviates the missed detection and difficult identification of small targets to a
certain extent.

FCOS RTMDet Cascade R-CNN Proposed

Figure 6. Detection results for the VEDAI dataset achieved with different algorithms. In the figure
(a—d) are examples of different scenarios.
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Table 3. Comparison with other state-of-the-art methods performed on the VEDAI dataset.

Method Car Truck Pickup Tractor Camping Car Boat Van Other Vehicle Plane  mAP (%)
Faster R-CNN [56] 83.2 60.4 73.7 56.4 76.2 54.6 50.0 51.2 80.4 65.1
Cascade R-CNN [57] 81.6 65.4 75.1 67.7 77.3 42.8 60.2 47.0 92.8 67.8
SuperYOLO [18] 84.5 75.6 79.4 72.6 78.1 62.3 69.8 52.4 83.3 73.1
RTMDet [59] 64.9 68.1 77.5 74.5 76.0 52.2 65.4 37.0 88.4 67.1
CenterNet [53] 77.8 58.6 72.3 67.6 759 428 57.5 457 81.7 64.4
FOCS [58] 77.5 424 69.5 62.5 749 36.5 427 38.3 752 57.7
RetinaNet [49] 68.7 34.6 57.7 53.6 59.2 37.7 235 422 83.6 51.2
NWD [16] 81.8 70.2 74.5 69.2 77.2 43.1 61.3 46.7 90.6 68.3
RFLA [17] 83.1 68.2 78.4 72.1 749 63.4 67.6 50.7 85.6 71.6
DRADNet 89.0 76.0 80.2 82.8 82.0 73.7 719 51.1 90.3 77.5

4.3.2. Results on the Airbus-Ships Dataset

There are many extremely small ship targets in the Airbus-Ships Dataset, which are
usually disturbed by waves and thin clouds. Compared with other algorithms, the DRAD-
Net algorithm we propose has better performance on the Airbus-Ships Dataset, achieving
82.7% mAP. Compared with the target detection algorithms SuperYOLO, RTMDet, NWD,
and RFLA for remote sensing images, the mAP is increased by 2.3%, 5.9%, 3.9%, and 3.6%,
respectively, which is a significant improvement. The specific situation is shown in Table 4.
In the face of the serious problem of misdetection encountered by other algorithms on this
dataset, with our algorithm, this is well improved. Figure 7 shows the visualization effect
of the proposed algorithm for the Airbus-Ships dataset. Even in the face of interference
from thin clouds, sea clutter, or small islands and reefs, small ship targets in the images can

be well detected.

Figure 7. Examples of detection results using the proposed method DRADNet on the Airbus-

Ships dataset.

Table 4. Comparison with other state-of-the-art methods performed on the Airbus-Ships dataset.

Method mAP (%)
Faster R-CNN [56] 75.2
Cascade R-CNN [57] 78.5
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Table 4. Cont.

Method mAP (%)
SuperYOLO [18] 80.4
RTMDet [59] 76.8
CenterNet [53] 70.9
FOCS [58] 65.1
RetinaNet [49] 62.3
NWD [16] 78.8
RFLA [17] 79.1
DRADNet 82.7

4.3.3. Visual Analysis

To further analyze the improvement of the detection effect brought by the optimization
algorithm in this paper compared with the baseline algorithm, we use a heat map to
visualize the features in the network. A heat map can intuitively reflect the intensity of the
response of the network to the target area through the depth of color, making the detection
effect more intuitive. In Figure 8, the first row is the original image, the second row is
the feature visualization result obtained using the baseline algorithm, the third row is the
feature visualization effect of the optimization algorithm proposed by us, and the fourth
row is the ground truth. As can be seen from this figure, the baseline algorithm is not
ideal for vehicle detection in complex backgrounds, the identified area is not accurate,
and the entire shape of the vehicle target is not fully identified. At the same time, part
of the background is also identified as the target, which greatly affects the accuracy of
network detection; our optimization algorithm introduces the degraded reconstruction-
assisted enhancement branch as an assisted branch before detection to enhance the model’s
learning ability for high-quality target features, and introduces the attention enhancement
mechanism in the feature fusion network, which improves the feature information while
suppressing the interference of redundant background, effectively solving the problem of
the baseline algorithm not being comprehensive and accurate in detecting small targets in
complex backgrounds. As can be seen from the effect comparison diagram, the algorithm
proposed by us has a higher recognition degree for the target and a more accurate response,
which fully verifies that the algorithm in this paper has good adaptability and robustness.

Figure 8. Examples of feature visualization. The first row is the original image, the second row is
the feature visualization result obtained using the baseline algorithm, the third row is the feature
visualization effect of the DRADNet algorithm, and the fourth row is the ground truth.
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5. Conclusions

In this paper, we propose a method for small target detection in M-LR remote sensing
images based on degraded reconstruction. Different from the previous method of using
image super resolution as a preprocessing step and then directly inputting data into the
detector, we designed an additional degraded reconstruction auxiliary framework, which
can effectively improve the performance of the detector in M-LR remote sensing image
detection tasks without increasing the computational cost of model inference. Specifically, it
consists of a degraded reconstruction auxiliary enhancement branch and a detection branch.
Among these, target detection is the main task, and the introduced super-resolution branch
only serves as an auxiliary guide to enhance the features. In the training and inference
stages of our method, the model adopts different structures. In the training process of
the entire network, the super-resolution reconstruction branch plays an important role. It
supervises the model in extracting high-quality target feature representations by sharing the
backbone network part with the target detection branch, thereby avoiding the information
loss caused by the network in the downsampling process to a certain extent. In addition, we
introduced a hybrid parallel-attention mechanism into the feature fusion network, which
can guide the network to pay more attention to the feature information of small targets and
effectively suppress the interference of redundant background information. In the actual
inference stage, the degraded reconstruction auxiliary enhancement branch is removed;
that is, it will not participate in the entire inference process of the model. In this way, the
detection of small targets in M-LR remote sensing images can be effectively improved
without changing the computational complexity of the original target detection model.
We have demonstrated the robustness and effectiveness of this algorithm through a large
number of experiments on the VEDAI dataset and the Airbus-Ships dataset, which fully
demonstrates that DRADNet has good adaptability in different complex scenarios and can
be effectively applied to small target detection in M-LR remote sensing images.
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