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Abstract

In complex UAV aerial scenes, small object detection tasks face challenges such as extremely
low pixel occupancy, strong background interference, and sparse effective features, which
are further compounded by environmental factors like low illumination. Consequently,
single-modality detection algorithms are prone to severe target feature loss and missed
detections. Multi-modal image fusion, which complements the texture details of visible
light with the thermal radiation characteristics of infrared, is considered an effective ap-
proach to overcome the limitations of single physical imaging. However, conventional
fusion mechanisms often suffer from semantic gaps when processing heterogeneous data,
easily introducing redundant noise and background false alarms. To further improve the
accuracy and robustness of small object detection in UAV aerial scenes, this paper pro-
poses a multi-modal detection network that integrates direction-aware multi-granularity
and asymmetric context guidance, termed DMAC-Net. Specifically, a Direction-Aware
Granularity Enhancement (DAGE) module is first constructed for unified backbone feature
extraction, which captures local directions and contour edges of small objects in UAV aerial
images with high sensitivity, and expands the receptive field through a multi-granularity
mechanism, effectively suppressing false positives induced by complex backgrounds while
enhancing the recall of occluded and weakly featured targets. Additionally, the Asymmet-
ric Context Guided Fusion (ACGF) module builds a spatial mechanism via asymmetric
receptive fields and performs semantic soft alignment of cross-modal features with dy-
namic weight assignment, effectively filtering out artifacts and clutter from cross-modal
interaction. Experimental results on multiple aerial datasets, including RGBTDronePerson,
AVMS and LLVIP demonstrate that the proposed method outperforms existing mainstream
models in terms of overall detection accuracy and missed-detection suppression, while
exhibiting strong generalization capability and stability under complex lighting transitions
and multi-scale variations in UAV monitoring environments.

Keywords: UAV multi-modal imagery; direction-aware; multi-granularity enhancement;
asymmetric context guidance; small object detection
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1. Introduction
In recent years, the vigorous development of the low-altitude economy has driven

the rapid popularization of UAV aerial imaging technology. UAV-based micro-object
detection has been widely applied across various domains, including remote sensing
mapping [1], agricultural plant protection [2], military reconnaissance [3], and inspection
monitoring [4], making research on object detection algorithms from UAV perspectives
a hot topic. Concurrently, integrating advanced artificial intelligence models into UAV
onboard sensors has emerged as an important trend [5]. Recent studies have demonstrated
that large language models and AI models exhibit transformative potential in empowering
UAV applications, ranging from adaptive aerial decision-making in resource-constrained
environments [6] to domain-specific visual perception tasks—for example, leveraging
LLM-based agents to optimize advanced object detectors for complex UAV inspection
missions. Inspired by these advances, efficient and robust perception models remain the
cornerstone for tasks in dynamic low-altitude economy scenarios. Returning to the task
itself, small object detection under UAV aerial scenes inherently encounters challenges such
as large target quantities, complex background interference, and sparse effective features.
Particularly under low illumination and high-noise conditions, existing segmentation and
detection algorithms often suffer from severe target feature loss when performing remote
sensing tasks from UAV perspectives. Moreover, the receptive field of small targets in
UAV views tends to be more complex, and the pixel occupancy of targets is even smaller
(typically less than 32 × 32 pixels), which further exacerbates the difficulty of feature
extraction, leaving substantial room for improving the engineering recognition accuracy
and robustness of current algorithms [7–10].

Most of these detection networks are designed for single-modal imagery, such as
visible or infrared [11–13]. Among existing single-modal imaging technologies, visible
images have become the most widely used data source due to their rich color and detail
information. However, their inherent imaging principle makes them sensitive to environ-
mental conditions. In practical engineering scenarios such as UAV inspection and field
reconnaissance, diurnal variations in illumination intensity and stochastic fluctuations in
weather conditions (e.g., low light) are unavoidable. These factors can lead to overexposure,
underexposure, blurring, and other issues in visible images, significantly reducing the
reliability of object detection. Infrared thermal imaging technology, on the other hand,
overcomes illumination dependency and enables all-weather target perception, but it can
only reflect the thermal radiation distribution of targets and cannot meet the requirements
of tasks that demand fine-grained classification and recognition. The texture, color, and
detail features that are crucial in visible images are precisely what infrared images lack.
Compared with single-modal image detection, infrared-visible fusion detection exhibits
stronger robustness and detection accuracy in complex receptive fields, multi-scale targets,
and dense multi-object scenarios [14].

At present, the vast majority of mainstream fusion studies adopt feature-level fu-
sion strategies [15,16], mainly including decision-level fusion and simple feature fusion.
Decision-level fusion only performs modal interaction at the decision stage, neglecting
modal correlations during feature extraction, which results in substantial waste of valuable
complementary information and leads to sharp performance degradation when a single
modality fails. Although simple feature fusion advances modal interaction to the feature
stage, it relies only on simple operations such as concatenation (Concat) or element-wise
addition (Add). Concat indiscriminately preserves all features, introducing a large amount
of task-irrelevant redundant noise. Add aligns the feature distributions of different modali-
ties and emphasizes pixel-wise superposition of targets, which may disrupt the semantic
independence of each modality and cause feature information loss. Both methods lack
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a dynamic evaluation mechanism for modality importance and cannot adaptively fuse
the most effective features according to different scenes. In addition, there is another
category of detection methods that separate pixel-level fusion in the image preprocessing
stage from the subsequent detection task, fusing multi-modal images into a single image
before feeding them into the detector. Such fusion tasks may result in upstream fusion
requirements that are not fully compatible with the downstream object detection task, and
it is also difficult to achieve deep feature complementarity between modalities.

To address the challenges of sparse small-target features from UAV perspectives,
limited single-modal perception boundaries, and the susceptibility to redundant noise from
naive concatenation-based fusion, this paper proposes a multi-modal detection network
termed Direction-aware Multi-granularity and Asymmetric Context Network (DMAC-
Net). This network enhances detection robustness under complex lighting transitions and
highly dynamic scenes by performing fine-grained directional enhancement and cross-scale
semantic reconstruction of infrared and visible features. The detection performance of
single-modal baseline models and the DMAC-Net multi-modal model under low-light
conditions is illustrated in Figure 1.

 

Figure 1. Comparison of low-light detection performance between single-modality baselines and the
proposed DMAC-Net multimodal model. For each scene, columns (a,b) show the detection results of
the infrared and visible modalities, respectively, using the YOLOv11 single-modality branch. Column
(c) presents the results of the DMAC-Net multimodal fusion model proposed in this work. The
green box indicates the main target area for comparison. The modalities are arranged by scene,
demonstrating mutual complementarity-infrared supplies thermal signatures when visible fails, and
visible provides spatial details to suppress thermal-induced false alarms.
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As depicted in the figure, under complex aerial environments with low illumination
and high noise, the infrared and visible modalities demonstrate distinct yet complemen-
tary characteristics. Infrared is capable of recovering targets missed by the visible spec-
trum through thermal radiation, whereas visible light can rectify false positives arising
from thermal source interference via texture and detail information. Consequently, for
UAV aerial scenarios characterized by low light and strong interference, the multi-source
visible-infrared data fusion achieved by DMAC-Net—which is specifically redesigned and
enhanced based on task characteristics—provides a reasonable and favorable solution for
overcoming the inherent detection bottlenecks.

The main contributions of this paper are summarized as follows:

1. To address the unique physical challenges inherent in complex aerial environments,
we construct a multimodal detection network that integrates direction-aware multi-
granularity and asymmetric context guidance, termed DMAC-Net, which provides a
deep coupling paradigm for small object detection in all-weather scenarios.

2. A Direction-Aware Multi-Granularity Enhancement (DAGE) module is designed for
unified backbone feature extraction. By capturing local orientations and edge contours
of targets to suppress background false alarms, and enlarging the receptive field via a
multi-granularity mechanism, it effectively improves the detection performance of
dense and feature-sparse small targets.

3. The Asymmetric Context Guided Fusion (ACGF) module is constructed to achieve
semantic alignment and complementarity between infrared thermal radiation priors
and visible geometric details via asymmetric feature guidance and dynamic weight
assignment, thereby enabling efficient cross-modal feature interaction.

4. The effectiveness of the proposed model is validated across multiple multimodal
datasets. Extensive experiments show that DMAC-Net achieves superior performance
not only on UAV-view tasks including RGBTDronePerson and AVMS, but also main-
tains high-precision localization and robustness in extreme lighting and low-altitude
near-ground wide-area surveillance scenarios, as demonstrated on the LLVIP dataset.

2. Related Work
As one of the core tasks in computer vision and remote sensing, UAV-based aerial

small object detection aims to accurately locate and identify target entities with low pixel
occupancy from images characterized by complex backgrounds, illumination variations,
and severe occlusion. Small objects often lack sufficient shape, texture, and other detailed
features, making detection performance highly sensitive to environmental noise. Therefore,
efficient small object detection holds irreplaceable practical significance in real-world appli-
cations such as UAV monitoring, natural exploration, traffic surveillance, and autonomous
driving [17–19].

In recent years, extensive research has been devoted to breaking through the bot-
tlenecks of single-modal aerial small object detection, particularly in mitigating feature
degradation and addressing physical perception blind spots. To tackle the challenge of
weak small-object features, early studies primarily relied on data augmentation and multi-
scale feature fusion. The “Copy-Paste” strategy proposed by Kisantal et al. [20] enriches
feature information by copying and pasting small objects at multiple locations in images to
increase their training frequency. However, such stitching operations, if applied indiscrimi-
nately without directional awareness, are prone to introducing edge artifacts that interfere
with detection performance. Building on this, the Stitcher mechanism [21] dynamically
stitches images of different scales to balance the network’s response to multi-scale targets,
which poses greater challenges for optimizing data distribution and balancing feature
extraction capability for weak targets. Combining high-resolution shallow spatial details
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with deep high-level semantics remains the most mainstream solution. The classic FPN [22]
and its subsequent variants are widely used to construct feature pyramids. However, most
conventional extraction networks lack targeted perception of local directions, and during
the lengthy hierarchical propagation process, the already weak semantic information of
single-modal small objects is easily overwhelmed or diluted by cumulatively increasing
background noise. To address the high computational cost of small object detection in
high-resolution images, Yang et al. proposed QueryDet [23], which designs a cascaded
sparse query mechanism to significantly accelerate inference, though its capability in cap-
turing fine-grained edge features still leaves room for improvement. Methods based on
context modeling and attention mechanisms [24] strive to suppress complex background
noise and enhance feature representation of weak targets. SMA-YOLO [25] introduces a
non-semantic sparse attention (NSSA) module and a bidirectional multi-branch auxiliary
feature pyramid to extract low-level non-semantic features by suppressing global over-
semantization, thereby improving model sensitivity to small objects. However, as pointed
out in that study, single-stage networks such as MS-YOLOv7 and Drone-YOLO, when
adding extra detection heads or complex feature layers, tend to encounter information
interaction conflicts in dense scenes. Particularly under extreme conditions such as night
or heavy fog, detection relying solely on the visible modality is prone to near-failure due to
the lack of low-level signals.

To break the perceptual blind spots of single modalities, recent research has gradually
shifted toward multi-modal fusion. LF-DETR [26] achieves high-precision dual-modal
target localization through the DETR architecture, but its large parameter count and high
computational overhead make it unsuitable for deployment on UAV platforms, and its
robustness in handling spatially misaligned multi-modal sensors still requires substantial
improvement. Building on this, DEYOLO [27] designs a dual-enhancement mechanism
and a bidirectional decoupled focus module within the CNN framework to integrate com-
plex feature fusion mechanisms for enhanced cross-modal representation. Notably, most
mainstream feature-level fusion networks, including DEYOLO, lack effective direction-
aware and enhancement mechanisms specifically optimized for infrared thermal contours
and visible edge textures of tiny targets from UAV perspectives. Such feature extraction
mechanisms remain susceptible to cross-feature interference under complex backgrounds.
Meanwhile, the successful application of multi-branch YOLO frameworks further demon-
strates that the highly modular design of this detection series is well-suited for extending
to multi-modal inputs. In exploring more efficient cross-modal interactions, to alleviate the
high spatial complexity caused by stacking multiple Transformer blocks, ICAFusion [28]
proposes an iterative cross-attention guided feature enhancement (ICFE) module that lever-
ages shared parameters between blocks and incorporates global information to enhance
modal features. However, when handling aerial tiny objects, its preceding spatial feature
contraction operation tends to compress feature maps prematurely, leading to loss of the
already weak geometric details of small objects and posing challenges for maintaining
modal features in deeper networks. Furthermore, SuperYOLO [29], which adopts pixel-
level compact fusion, and PSFusion [30], which serves high-level tasks through progressive
semantic injection, both employ symmetric equal-weight fusion strategies. This raises the
question of decoupling the asymmetric relationship between the detail advantages of visi-
ble light and the contour advantages of infrared in terms of their physical properties. While
intuitive, such strategies struggle to fully accommodate the asymmetric differences between
heterogeneous modalities in physical attributes (e.g., visible-light detail advantages versus
infrared contour advantages). Under complex UAV-view scenes, such undifferentiated
fusion not only easily causes receptive field mismatches of heterogeneous features and
triggers modal conflicts, but also leads to degradation as the semantics of tiny objects are
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submerged again by stacked background clutter during propagation to deeper layers of the
network [31–36]. In summary, existing research still has substantial room for improvement
in constructing fusion architectures that jointly address multi-modal feature enhancement
and extraction backbone, mitigate deep semantic degradation, and design cross-modal
feature interaction mechanisms [37–40].

Based on the above analysis of the limitations of existing algorithms in direction per-
ception and heterogeneous fusion strategies, this paper constructs the DMAC-Net detection
network, with improvements and reconstructions targeting both the feature extraction
paradigm and cross-modal feature interaction strategies. In the feature extraction stage, the
Direction-Aware Granularity Enhancement (DAGE) module is introduced to capture and
enhance edge textures and thermal source contours of tiny objects through direction-aware
mechanisms, thereby reinforcing target features. Additionally, through multi-granularity
cross-stage connections, shallow spatial details are adaptively reconstructed and injected
into deep high-level semantics. In the feature fusion stage, the traditional undifferentiated
concatenation module is replaced with the Asymmetric Context Guided Fusion (ACGF)
module, which constructs distinct feature extraction patterns based on the different ad-
vantages of each modality. By leveraging asymmetric dynamic decoupling, alignment,
and fusion of multi-modal features, a logical cross-modal feature interaction mechanism is
formed, effectively avoiding modal conflicts and information redundancy between visible
and infrared modalities.

3. Methods
The proposed model is built upon the mainstream YOLOv11 single-modal object

detection architecture [41], which consists of three components: the backbone, the neck,
and the head. The backbone is responsible for feature extraction and is primarily composed
of modules such as SPPF (Spatial Pyramid Pooling Fast), C2PSA, and C3K2. The neck
network mainly comprises C3K2 modules and convolutional layers. The head consists of
three Detect detection heads, which produce the final detection outputs.

3.1. Overall Model Architecture

To meet the practical requirements of visible and infrared dual-modal small object
detection tasks in UAV aerial scenarios, the YOLOv11 detection architecture, with its
multi-scale feature extraction and complex spatial context capture capabilities, demon-
strates significant potential for small object processing and multi-scale feature representa-
tion. Built upon the YOLOv11 single-branch detection framework, DMAC-Net is tailored
to the task characteristics and further performs systematic architectural reform of the
original architecture from three perspectives: structural expansion of the backbone net-
work, cross-modal information interaction, and multi-scale feature enhancement in the
neck. This includes the redesign and reconstruction of core extraction and fusion mod-
ules, such as C3K2, Concat, and downsampling convolutions. The overall architecture is
illustrated in Figure 2.
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Figure 2. Architecture of the proposed DMAC-Net for multimodal remote sensing small object
detection. The architecture mainly consists of three parts: a dual-branch backbone, a neck, and a
detection head. The dark modules represent the original components, while the combination of
bright-colored modules and dashed boxes indicates the improved modules designed in this study.

In terms of backbone architecture design, the original single-branch backbone is
transformed into two structurally symmetric, parameter-independent feature extraction
pathways, which accept visible and infrared image inputs, respectively. The feature streams
of both branches first pass through IN and Multiin modules for feature map reception
and downsampling. Then, prior to cross-modal feature fusion, the dual-branch feature
maps undergo progressive multi-scale feature enhancement and extraction through DAGE
modules at each layer. Regarding the cross-modal feature fusion mechanism, the ACGF
modules are embedded at three semantic levels (P3, P4, P5) of the backbone to promote
deep interaction of cross-modal features in a progressive manner. After joint concatenation
and global channel attention refinement, the fused results are written back via asymmetric
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residual connections, forming a cross-modal enhanced representation that uses target con-
tours as anchors and environmental context as supplementation. Finally, the dual-branch
feature maps, after feature extraction and fusion, pass through SPPF and C2PSA modules
to complete spatial multi-scale aggregation and channel attention enhancement, thus ac-
complishing the multi-scale feature extraction and fusion operations in the backbone stage.
In particular, the above systematic architectural reform distinguishes itself from simple
module stacking, representing an adaptive deep architectural reconfiguration tailored
to the inherent physical properties of multi-source imagery captured from UAV sensor
perspectives. On one hand, the DAGE unit in the backbone deeply couples direction-aware
and multi-granularity mechanisms, breaking the conventional logic of general-purpose
feature extraction and establishing domain-specific priors customized for aerial small-object
detection. On the other hand, the ACGF module abandons the conventional mindset of
equal-weight feature concatenation and dynamically filters visible semantics using infrared
anchors. This asymmetric guidance mechanism reconstructs the underlying logic and
fusion paradigm of cross-modal information interaction at the fusion level.

In the neck structure, to further perform secondary mining of the multi-level features
transmitted from the backbone, the proposed architecture replaces the original C3K2
modules in the neck with the MGD modules from the DAGE unit. While maintaining the
spatial resolution of the feature maps, this replacement expands the effective receptive
field coverage of individual modules and conducts multi-dimensional secondary context
mining on the fused features, thereby further enhancing the target features delivered to the
detection heads.

In the head detection output stage, the three-scale feature maps produced by the neck
network are respectively fed into the corresponding Detect detection heads to perform
bounding box regression and target category prediction, enabling joint detection of aerial
targets at different scales.

3.2. Direction-Aware Granularity Enhancement Block (DAGE)

In multi-small-object detection tasks from UAV perspectives, the feature enhancement
and extraction capability of the network directly determines the model’s perception accu-
racy for multi-scale targets. Although traditional feature enhancement modules effectively
alleviate the gradient vanishing problem in deep networks through cross-stage partitioning
and merging mechanisms, their internal bottleneck layers have fixed receptive fields. In
the absence of directional sensitivity, it is also difficult for them to simultaneously capture
local texture details and wide-area contextual semantics.

To address the challenge that a single module cannot balance fine-grained geometric
direction perception and global context aggregation, this study uniformly models the direc-
tional geometric information of aerial small objects and multi-granularity aggregation, and
designs a Direction-Aware Granularity Enhancement (DAGE) block, whose computational
mechanism is illustrated in Figure 3.

Which employs a four-directional receptive field to perform rotational encoding on
the input features, enhancing responses to small-object edges and fine-grained directional
textures. Subsequently, within a cross-stage partial connection framework, the module
integrates multi-scale dilated convolution with the concept of cross-stage local connection,
reconstructing the C3K2 module into a Multi-Granularity Dilation Aggregator (MGD).
Through multi-branch dilated convolutions, MGD performs expansive modeling of features,
capturing local details, medium-range structures, and wide-area semantic information in
parallel. Finally, cross-stage aggregation is employed to achieve collaborative expression of
directional priors and multi-scale context, realizing the unification of direction awareness
and multi-granularity aggregation.
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Figure 3. Architecture of the Direction-Aware Multi-Granularity Enhancement module (DAGE). It
primarily comprises APConv and MGD. Input features are first encoded by APConv for directional
edge enhancement, then channel-split and processed through MGD via cascaded bypass and main
branches for cross-stage interaction before being fused by concatenation.

3.2.1. Angular Pinwheel Convolution Mechanism (APConv)

First, the APConv constructs complementary receptive field lobes in the four horizontal
and vertical directions through asymmetric padding, enabling the DAGE unit to provide
high-quality features with richer directional responses for subsequent cross-modal fusion.
The computational flow is illustrated in Figure 4.

Figure 4. Schematic of the APConv mechanism. Input features are first processed along four
parallel branches, each undergoing specific asymmetric spatial padding followed by 1D directional
convolution, thereby constructing four directionally complementary receptive field lobes in the spatial
domain. Subsequently, the four direction-sensitive feature maps are concatenated along the channel
dimension and aggregated via a fusion convolution, finally producing high-quality features rich in
local geometry and directional priors. This mechanism enables the module to capture fine-grained
orientation cues essential for distinguishing small targets in complex remote sensing scenes.

The input feature maps of the two modalities are denoted as X(v) and X(r). Four asym-
metric zero-padding schemes are defined to extend the receptive field in four directions,
where each padding tuple is given as (le f t, right, top, bottom), and k denotes the kernel size.
The resulting spatial dimensions of the padded tensors are

P0, P1 ∈ RB×C×(H+1)×(W+k) (1)
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P2, P3 ∈ RB×C×(H+k)×(W+1) (2)

The horizontal and vertical convolution kernels are defined as Wcw and Wch, respec-
tively, for horizontal and vertical perception. The branch features for the four directions are
extracted as

Yw0 = σ(BN(Wcw ∗ P0)) ∈ R
B×C×H′×W′

4 (3)

Yw1 = σ(BN(Wcw ∗ P1)) ∈ R
B×C×H′×W′

4 (4)

Yh0 = σ(BN(Wch ∗ P2)) ∈ R
B×C×H′×W′

4 (5)

Yh1 = σ(BN(Wch ∗ P3)) ∈ R
B×C×H′×W′

4 (6)

The directional semantics of the four branches are different from each other. Yw0

and Yw1 represent the left-extending and right-extending receptive fields in the horizontal
direction, while Yh0 and Yh1 represent the bottom-extending and top-extending receptive
fields in the vertical direction. Finally, the outputs of the four directional branches are
concatenated along the channel dimension to form a complete pinwheel feature map, and
a 2 × 2 convolution is applied to perform cross-channel integration of the four directional
features, expressed respectively as

Yco = Concat(Yw0, Yw1, Yh0, Yh1; dim = 1) ∈ RB×C×H′×W ′
(7)

Yout = σ(BN(Wcat ∗ Yco)) ∈ RB×C×H′×W ′
(8)

To preserve the features of both modalities and perform independent feature enhance-
ment, the two branches each perform convolution operations without sharing parameters,
allowing each modality to retain its unique directional texture responses.

3.2.2. Multi-Granularity Dilation Aggregator (MGD)

After the front-end enhancement by the Pinwheel Convolution, the two feature streams
separately enter the MGD structure for further multi-scale feature extraction. While retain-
ing the advantage of multi-path gradient propagation inherent to the CSP framework, this
module improves the traditional standard bottleneck layer into a dilation-aware residual.
By deploying multi-branch convolutions with multiple dilation rates in parallel within the
bottleneck, a single module simultaneously possesses the triple capability of fine-grained
local perception, medium-range context modeling, and wide-area global semantic capture,
thereby significantly enhancing the model’s feature representation in multi-scale object
detection scenarios.

Let the input feature map after APConv enhancement be denoted as X. It first passes
through a convolutional layer for channel projection and feature enhancement, and the
output is then split into two branches along the channel dimension. The input feature map
is expressed as

Xproj = Conv1×1(X) ∈ R2Ch×H×W (9)

The branches are expressed as

[y0, y1] = Split
(
Xproj

)
, y0, y1 ∈ RCh×H×W (10)

where Ch = C2 · e (with e being the expansion factor), y0 serves as the cross-stage residual
connection, and y1 enters the subsequent bottleneck layer sequence for further processing.
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In the recursive processing of the bottleneck layer, there are n repeated computational
units Mi. The output of each layer serves as the input to the next layer, and intermediate
states are preserved. The recursive procedure and computational logic are expressed as

yi+1 = Mi(yi), i = 1, . . . , n (11)

M(y) = Add(y, ϕcor(Conv1×1(y))) (12)

ϕcor is the core computational factor of the dilation-aware residual, and its computa-
tional flow is illustrated in Figure 5.

Figure 5. Illustration of the computational process of the dilation-aware residual core factor. The input
features are first compressed via a convolutional layer, followed by three parallel dilated convolutions
with different dilation rates, which simultaneously capture fine-grained local details and multi-scale
wide-area contextual information. The features from each branch are then concatenated and fused
at the channel level. Finally, the result is added to the original input features through a residual
connection, producing multi-granularity aggregated features.

Internally, the module performs dilation-related residual learning through multi-
branch dilated convolutions. First, a 3 × 3 convolution is applied to the local input Z for
dimensionality reduction, expressed as

Zsq = δ(BN(Conv3×3(Z))) ∈ R
Ch
2 ×H×W (13)

Subsequently, multi-scale dilated convolution extraction is performed, with three
branches of different receptive fields executed in parallel:

x1,2,3 = Conv3×3,d=1,3,5
(
Zsq

)
(14)

The multi-scale information is activated through channel concatenation, expressed as

Zout = GELU(BN(Conv1×1[x1, x2, x3]) + Z) (15)

Returning to the DAGE structure, the initial cross-stage feature y0 is concatenated
with all intermediate feature maps after n transformations, which greatly enhances the
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propagation efficiency of feature gradients and preserves semantic information at different
depths. This is expressed as

Ycat = Concat([y0, y1, . . . , yn]) ∈ R(n+2)Ch×H×W (16)

Finally, a convolutional layer maps the channel dimension back to the target dimension:

Xout = Conv1×1(Ycat) ∈ RC×H×W (17)

Overall, the DAGE module constructs an efficient feature collaboration unit that tran-
sitions from directional geometric perception to multi-scale semantic aggregation. Within
this mechanism, the deep coupling of the APConv and the MGD module accomplishes
precise encoding of edge and directional texture priors for small objects and successive
multi-scale dilated convolution, seamlessly extending the receptive field from fine-grained
local regions to wide-area global context without introducing additional spatial downsam-
pling. Under this internal synergy, the multi-path gradient flow of cross-stage connections
plays a critical bridging role: it not only ensures stable propagation of deep features but
also enables early directional-sensitive features and deep multi-scale global semantics to
be preserved intact and efficiently fused across levels. Finally, after projecting to a unified
output dimension via a convolutional layer and strengthening the nonlinear expression
capacity with the activation function at the end of the module, this deep complementarity
between directional details and global multi-granularity provides more accurate artifact
suppression and target boundary anchoring for subsequent neck processing under com-
plex aerial background clutter, thereby improving the discriminability and robustness of
high-altitude small object detection.

Notably, in the construction stage of the neck feature pyramid within the overall detec-
tion network architecture, shallow high-resolution spatial details and deep low-resolution
abstract semantics undergo frequent cross-scale concatenation through upsampling and
downsampling. However, due to the large scale jumps of targets in the aerial receptive field
and the complexity of background receptive fields, the original C3K2 module, with its fixed
single receptive field, struggles to effectively and adaptively aggregate and reconstruct
cross-layer features after concatenation. Therefore, to break through the performance bottle-
neck of the cross-scale fusion stage in the neck network, this study further replaces the C3K2
modules in the neck with the MGD module, a component of the DAGE unit. The purpose
is to immediately leverage the multi-level parallel dilated convolution mechanism of the
MGD module after cross-layer features are concatenated, performing multi-dimensional
secondary context mining on the heterogeneously fused features. With the built-in cross-
stage local connections, this design ensures the stable flow of key feature gradients during
fusion, achieving deep complementarity between local focus and global perception, and
ultimately delivering multi-scale features with stronger robustness and richer semantic
expression to the final detection heads.

3.3. Asymmetric Context Guided Fusion Module (ACGF)

In multimodal object detection tasks, effectively fusing complementary information
from different modalities and establishing a robust feature interaction mechanism are
key to improving detection performance. Inspired by context-guided networks, we de-
sign an Asymmetric Context Guided Fusion (ACGF) module tailored for multimodal
feature fusion.

Unlike homogeneous modeling that only performs local feature and surrounding
context extraction on a single modality input, the core of this module lies in departing
from symmetric equal-weight extraction. By constructing asymmetric receptive fields to
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capture differentiated contextual information, it decouples local feature extraction and
surrounding context extraction into two different modality branches, anchoring on fine-
grained local features and adaptively interacting with contextual features from the other
side, thereby achieving cross-modal feature fusion within a richer feature interaction
space. Specifically, the infrared modality, which provides stable target contours under all
illumination conditions, is set as the primary backbone modality and uses a small receptive
field convolution to extract precise boundaries. The visible modality, which provides fine
environmental semantics but exhibits significant performance variations under different
illumination conditions, is set as the secondary modality and employs dilated convolution
to expand its spatial search range for extracting contextual information as an enhancement.

The module consists of modality-specific channel mapping and four core components:
an infrared modality feature extractor fir, a visible modality feature extractor frgb, a mul-
timodal feature fusion layer fagg, and a global cross-modal attention module fatt. The
architecture is illustrated in Figure 6.

Figure 6. Overview of the Asymmetric Context Guided Fusion module (ACGF). Infrared and visible
features are separately processed by asymmetric extractors (small-receptive-field depthwise convolu-
tion for infrared, large-receptive-field dilated convolution for visible), then fused with channel-wise
attention. The recalibrated features are added to the original infrared input via a residual connection,
using infrared as an asymmetric anchor. This design enables mutual complementarity: infrared
provides stable contours, while visible supplies contextual details to suppress cross-modal artifacts.

Let the two modality outputs from the dual-branch backbone network at the same
semantic level be denoted as X and Y. To perform independent nonlinear transformation
and channel alignment for features of different modalities while reducing computational
cost, a convolution is first applied to each branch for channel dimensionality reduction,
expressed as

X′ = σ(BN(Wx ∗ X)) ∈ R
C×H×W

2 (18)

Y′ = σ(BN
(
Wy ∗ Y

)
) ∈ R

C×H×W
2 (19)
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This step compresses the modality channel dimension by half, where Wx and Wy

are the independent convolution kernel parameters for the two modalities, BN denotes
batch normalization, σ is the PreLU activation function, and ∗ denotes the convolution
operation. The reduced-dimensional modality features then undergo cross-modal feature
extraction, with adaptive extraction operations performed according to the characteristics
of each modality.

The infrared modality branch performs spatial convolution on each channel, mainly
using the fir component to extract edge spatial structure features of each pixel, expressed as

Fir = fir(X′) = DWConv3×3(X′) ∈ R
C×H×W

2 (20)

In the operation, DWConv3×3 denotes a depthwise separable convolution with a
kernel size of 3 × 3.

The visible modality branch applies a channel-wise dilated convolution to the reduced-
dimensional features, aiming to extract larger-receptive-field spatial information of the
targets, expressed as

Frgb = frgb(Y′) = DWDConv3×3,r(Y′) ∈ R
C×H×W

2 (21)

where DWConv3×3,r(·) denotes a depthwise separable dilated convolution with a kernel
size of 3 × 3 and a dilation rate of r, capturing fine semantic information of targets over a
larger spatial fault-tolerance range in the second modality.

Subsequently, Frgb and Fir are concatenated along the channel dimension, followed by
normalization and activation function processing, to obtain a joint feature. After concatena-
tion, the channel dimension is restored to C. The joint feature Fagg simultaneously encodes
the contour context semantics of the first modality and the enlarged-receptive-field spatial
features of the second modality, forming a cross-modal joint representation, expressed as

Fagg = fagg

(
Fir, Frgb

)
= σ(BN(Concat

[
Fir, Frgb

]
)) ∈ RC×H×W (22)

In the feature extraction operation, by applying the infrared modality feature extractor
fir and the visible modality feature extractor frgb to different modalities respectively, the
module makes full use of the respective modality advantages of infrared and visible images,
effectively complementing and fusing rich local details such as textures and edges with the
global saliency context related to target thermal radiation, thereby improving the robustness
and discriminability of target representation.

To further enhance the discriminative ability of the joint features, a global cross-
modal attention module fatt is introduced to perform channel-wise adaptive refinement
on the joint features. Specifically, global spatial information is first aggregated via global
average pooling, then the dependencies among channels are learned through a multi-layer
perceptron, and finally channel-wise recalibration is applied to the joint features.

In the global feature compression stage, the multimodal feature fusion layer fagg

performs global average pooling, compressing the spatial information of each channel into
a scalar to obtain a global descriptor z, which encodes channel-level statistical information
of the joint feature over the entire spatial domain, expressed as:

Z = GAP
(

Fagg
)
=

1
H × W

H

∑
i=1

W

∑
j=1

Fagg(i, j, k) ∈ RC (23)
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Subsequently, Z is fed into a bottleneck structure consisting of two fully connected
layers to compute the nonlinear dependencies among channels:

S = δ(W2·ReLU(W1·z)) ∈ RC(W1, W2 ∈ R
C×C

γ ) (24)

where W1 is the weight of the dimensionality-reduction fully connected layer, W2 is the
weight of the dimensionality-expansion fully connected layer, γ is the channel reduction
ratio, and ReLU is the Rectified Linear Unit activation function. δ denotes the Sigmoid
activation function. Each element of the vector S represents the importance weight of the
corresponding channel, with values in the range (0, 1).

Then, the channel attention weights and the joint features are used to perform channel-
wise feature recalibration, achieving adaptive channel-level feature refinement:

∧
F = fatt

(
Fagg

)
= S ⊗ Fagg ∈ RC×H×W (25)

This operation broadcasts the scalar weights to all spatial positions of their correspond-
ing channels via element-wise multiplication. The global contextual information is encoded
as channel attention weights, which are used to adaptively emphasize cross-modal comple-
mentary feature channels beneficial to the detection task while suppressing redundant and
noisy channels.

Finally, a global residual learning strategy is adopted to connect the original in-
frared input with the refined channel features via a residual connection, yielding the final
joint output:

O = X +
∧
F ∈ RC×H×W (26)

The residual connection is only linked to the infrared branch. This asymmetric residual
structure, with the high-contrast infrared contours serving as a strong guiding anchor,
preserves the original spatial features of the primary modality while incorporating cross-
modal enhanced features refined by the wide-area visible context. This design effectively
alleviates feature degradation caused by information conflicts, promotes stable gradient
backpropagation during training, and enhances the cross-modal feature interaction for
small objects.

4. Experiments
4.1. Datasets and Preprocessing

The experimental part of this study primarily employs the RGBTDronePerson, AVMS,
and SODA-A datasets, all of which are adapted for UAV vision tasks and consist of aerial
small-object images captured by drones.

The RGBTDronePerson dataset is a cross-modal pedestrian detection dataset collected
by UAVs, containing over 6000 visible and infrared image pairs. The scenes were captured
at altitudes of 50–80 m, covering multiple viewing angles under various weather and
illumination conditions. This dataset focuses on extremely small object detection, with a
total of 70,880 annotated instances, of which 98% of the targets are smaller than 20 pixels.
There is also a significant cross-modal spatial misalignment. The dataset includes three
categories: crowd, person, and rider.

The AVMS (Aerial View Multi-Scene) dataset is a self-constructed UAV multi-modal
image fusion dataset proposed in the FS-Diff paper, aimed at addressing the shortcomings
of existing datasets in terms of long-distance shooting, diverse scenes, and modality clarity
inconsistency. This dataset provides fine-grained annotations for a total of 8991 targets,
mostly under daytime illumination conditions, and covers more than seven typical scenes
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including residential areas, roads, campuses, parks, streets, stadiums, parking lots, and
farmlands. Considering practical application scenarios and the instance characteristics of
this dataset, we cleaned the dataset into four categories: car, person, truck, and tent.

To further explore the scene adaptability of the improved modules in our model for
small object detection from UAV perspectives, this study introduces the SODA-A (Small
Object Detection in Aerial Images) large-scale high-resolution aerial single-modal dataset
for auxiliary validation. In this dataset, all categories are small-scale targets, with pixel
occupancy smaller than 32 × 32 pixels. During experimental processing, the original
dataset was first tiled, and oriented bounding boxes were converted to horizontal bounding
boxes, then further cropped to a size of 640 × 640 pixels. Through data cleaning, a total
of 14,000 images were used, covering ten categories: Airplane, Helicopter, Small-vehicle,
Large-vehicle, Ship, Container, Storage-tank, Swimming-pool, Windmill, and ignore. The
dataset was split into training and test sets at a ratio of 8:2.

Furthermore, to evaluate the cross-scene generalization capability of the proposed
model under extreme low-illumination environments and near-ground medium-scale
overhead targets, this study introduces the LLVIP dataset for supplementary assessment
in the comparative experiments. LLVIP is a visible-infrared paired pedestrian dataset
specifically designed for low-light vision tasks, containing 16,836 pairs of images captured
during the low-light hours from 18:00 to 22:00. The dataset uses infrared images to back-
map and annotate pedestrians in visible images, covering rich pedestrian targets across
26 scenes, making it suitable for validating algorithm robustness under extreme overhead
dark-light conditions.

4.2. Experimental Settings

To ensure the unbiasedness of experimental data, prevent cross-modal interference
between multimodal samples, and maintain the stability of modality-specific branch data,
this study maintains the spatial correspondence between dual-modal image pairs and
does not use pre-trained weights during training, validation, testing, and all ablation and
comparative experiments. In the data preprocessing stage, all input images are resized to
a consistent resolution, and mixup augmentation is disabled. The maximum number of
training epochs is set to 200, and the stochastic gradient descent optimizer is adopted, with
the learning rate dynamically adjusted via the cosine annealing algorithm. The remaining
experimental settings and parameter configurations are summarized in Table 1.

Table 1. Experimental environment and related parameter configurations.

Parameter Value

GPU NVIDIA GeForce RTX 5070 Ti (NVIDIA Corp., Santa Clara, USA)
Python version 3.11 (Python Software Foundation, Beaverton, OR, USA)
CUDA version 12.8 (NVIDIA Corp., Santa Clara, CA, USA).

PyTorch version 2.9.0 (PyTorch Foundation, San Francisco, CA, USA)
Momentum 0.937

Weight Decay 0.0005

4.3. Ablation Studies

The ablation studies are conducted on the RGBTDronePerson and SODA-A datasets.
During the experiments, multiple evaluation metrics are emphasized, including Precision
(P), Recall (R), mean Average Precision (mAP) under different IoU thresholds, model
parameters (Params), and floating point operations (GFLOPs).

To systematically evaluate the performance advantages of the proposed modules,
this study follows a progressive optimization and merging criterion, introducing each
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optimized module sequentially and conducting ablation experiments to perform qualitative
performance analysis on the enhanced detection network.

4.3.1. Synergistic Ablation Analysis of Core Components Within the DAGE Module

To preliminarily validate the adaptability of the DAGE module in UAV aerial scenes
and the soundness of its fusion design, this study first conducts ablation experiments on
the single-modal aerial small-object scenario using the SODA-A dataset, focusing on the
direction-aware guided multi-granularity cross-stage unit. The quantitative results are
summarized in Table 2, where the symbol “×” indicates that the module is not added to the
model, and “

√
” indicates that the module is added. Bold indicates the best value among

the indicators, this applies to all tables below.

Table 2. Ablation analysis of core components of DAGE on the SODA-A dataset.

Methods APConv MGD Precision
(%)

Recall
(%) F1 Map50

(%)
Map50-95

(%)
Map75

(%) GFLOPs

Base × × 58.0 49.9 53.6 50.7 27.3 26.0 6.3
Only APConv

√
× 63.7 50.6 56.4 53.9 29.6 28.6 6.8

Only MGD ×
√

63.3 53.0 57.6 55.6 30.3 29.6 7.3
DAGE

√ √
63.5 53.4 58.0 56.1 30.6 29.7 7.8

Table 2 details the specific impact of the internal core components of the DAGE module
on the detection performance on the SODA-A dataset. In the decoupling validation of
internal components, using only the APConv as the front-end convolutional processing
yielded a significant precision gain, demonstrating that its asymmetric four-directional
receptive field injects keen directional perception into the feature stream and enhances the
model’s ability to accurately encode geometric edges of small targets. When the MGD
was introduced alone, the recall improvement became more prominent, reaching 53.0%,
verifying that the multi-scale dilated convolution mechanism effectively captures richer
contextual semantics by enlarging the local receptive field, thereby enabling the network to
re-localize tiny targets that are otherwise easily missed.

Finally, when the complete DAGE module was deployed as a whole in the network,
the model achieved the best balance between precision and recall, attaining optimal compre-
hensive performance metrics with mAP50 of 56.1% and mAP50-95 of 30.6%. From a module
synergy perspective, this performance improvement is not a simple linear superposition.
The front-end APConv provides fine-grained directional features for the feature stream,
laying accurate geometric prior guidance for subsequent multi-scale semantic extraction,
while the MGD compensates for multi-scale limitations with its broadly extracted contex-
tual information. The two components form a complementary relationship in the feature
stream, combining local directional refinement with global scale coverage.

This synergistic mechanism ensures that when the model faces densely distributed,
extremely small-scale targets in aerial scenes, it can accurately identify target boundaries
through directional sensitivity while recovering easily missed targets using multi-scale
features, ultimately achieving a steady improvement in overall detection performance.

4.3.2. Ablation Study on the Overall Architecture of the Multimodal Detection Network

To address the inherent perceptual limitations of single-modality scenes in complex
aerial scenarios, this study conducts systematic ablation experiments on the proposed
DMAC-Net multi-modal architecture using the multi-modal RGBTDronePerson dataset.
The experiments focus on examining the necessity of fusing infrared and visible information,
as well as the specific contribution of each core module to cross-modal interaction. The
experimental results are summarized in Table 3, where the symbol “×” indicates that the
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module is not added to the model, “
√

” indicates that the module is added, and bold font
denotes the best performance.

Table 3. Ablation experiments of the DMAC-Net architecture on the RGBTDronePerson dataset.

Methods DAGE ACGF MGD Modality Precision
(%)

Recall
(%)

Map50
(%)

Map50-95
(%)

Map75
(%)

Base × × × single 48.3 45.6 40.2 14.9 6.6
Dual-Base × × × dual 52.3 48.8 44.9 16.6 7.3

Only DAGE
√

× × dual 54.3 50.8 49.0 18.4 8.0
Only ACGF ×

√
× dual 53.8 50.1 46.5 17.1 7.5

ACGF+DAGE
√ √

× dual 55.9 53.4 50.0 18.8 8.3
Only MGD × ×

√
dual 55.6 49.8 48.0 17.7 7.3

DMAC-Net
√ √ √

dual 56.4 50.9 50.2 19.1 8.6

As shown in Table 3, compared with the single-modal baseline model, the introduction
of dual-modal branches substantially raises the mAP50 of the basic fusion model from
40.2% to 44.9%, further demonstrating that leveraging feature complementarity between
multi-modal data is a key prerequisite for breaking through the bottleneck of small object
detection in complex environments.

First, based on this multi-modal fusion baseline, introducing the unified backbone
extraction module DAGE alone increases precision and recall to 54.3% and 50.8%, respec-
tively, with mAP50 reaching 49.0%. This indicates that the direction-aware component
inside DAGE can keenly extract thermal radiation edges from infrared targets and geo-
metric details from visible targets, effectively filtering out cross-modal background clutter.
Meanwhile, its multi-granularity component effectively enlarges the receptive field, further
capturing densely distributed small targets with drastic scale variations.

After introducing the asymmetric context-guided fusion module designed specifically
for multi-modal networks, all core metrics show balanced and steady improvements over
the basic fusion: precision increases from 52.3% to 53.8%, recall rises from 48.8% to 50.1%,
and the comprehensive mAP50 metric improves by 1.6 percentage points. This further
demonstrates the asymmetric decoupling philosophy of the ACGF module, which leverages
the stable imaging advantage of the infrared modality in complex environments by using a
small receptive field to precisely anchor local spatial boundaries of targets, while employing
the visible modality as a supplement to extract broader environmental context through
large-receptive-field dilated convolution. This design fully exploits the physical imaging
characteristics of both modalities, effectively alleviating modal conflicts caused by direct
concatenation of dual-modal features.

Building upon this multi-modal feature interaction, the network replaces the neck’s
C3K2 module with the MGD module from the DAGE unit, ensuring stable flow of key
feature gradients during the fusion process and mitigating feature degradation of weak
targets. Compared with the original neck network, the introduction of the MGD module
brings notable performance gains, with mAP50 improving from 44.9% to 48.0%, accom-
panied by simultaneous increases in both precision and recall. This further demonstrates
that the proposed modification delivers multi-scale features with stronger robustness and
richer semantic expression to the final detection heads.

In the final integrated DMAC-Net model, the cross-modal synergy effect is maximized.
In the feature encoding stage, the DAGE module in the backbone, through the coupling of
direction-aware and multi-granularity mechanisms, supplies low-level feature representa-
tions that possess high-order geometric priors and rich local context. In the cross-modal
interaction stage, the ACGF mechanism effectively leverages asymmetric guidance to
achieve deep decoupling of infrared spatial contours and visible global semantics. Finally,
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in the feature decoding and pyramid construction stage, the MGD module introduced into
the neck takes over these high-quality fused features and effectively suppresses the dilution
and degradation of weak small-target features during the top-down propagation process.
Benefiting from this synergistic mechanism, DMAC-Net alleviates the inherent background
interference and scale sensitivity issues of multi-modal small object detection in complex
aerial scenes, ultimately achieving a breakthrough in overall detection accuracy.

4.3.3. False Positive Error Evolution Analysis

To more clearly quantify the specific contribution of each module in complex aerial
scenes, this paper conducts an in-depth error decomposition of the prediction results from
the single-modal baseline model (Base), the multi-modal basic fusion model (Dual-Base),
and the final proposed DMAC-Net model, focusing on the Crowd and Person categories
based on experimental data from the RGBTDronePerson dataset.

In multi-class object detection, false positives (FP) are further divided into background
false positives (Bg-FP), where background regions are predicted as targets, and inter-class
false positives (Cls-FP), where objects of other categories are misclassified as the target class.
The distribution statistics of these two error types for the three models are summarized
in Table 4.

Table 4. Comparison of false positive and fine-grained error distribution across different models.

Class Model Bg-FP Cls-FP

Crowd

Base 755 260

Dual-Base 894 397

DMAC-Net 663 252

Person

Base 2164 322

Dual-Base 2203 287

DMAC-Net 1275 315

Observing the evolutionary trend of the data in Table 4, it can be seen that the
model’s ability to suppress false positives exhibits a phased variation during cross-modal
feature interaction.

Comparing the single-modal baseline with the multi-modal basic fusion model, after
introducing multi-modal features, background false positives for both categories increase to
some extent. This indicates that naive concatenation of heterogeneous features without deep
alignment tends to introduce additional redundant information, causing some background
regions with thermal radiation or visual interference to be misjudged as targets, thereby
increasing background noise to a certain degree.

In terms of the background false positive metric, the improved model achieves sub-
stantial reductions for both categories. This comprehensive optimization demonstrates that
extracting multi-directional edge features combined with a cross-modal asymmetric fusion
mechanism greatly enhances the network’s ability to strip away complex background
clutter, effectively avoiding the misclassification of meaningless terrain or light spots in
UAV aerial images as targets.

Notably, a deeper analysis of the inter-class false positive data reveals a moderate
shift in the model’s prediction tendency when handling dense scenes. Compared with
the basic fusion model, DMAC-Net reduces the misclassification of “single-person targets
misidentified as crowd” in the Crowd category from 397 to 252 cases, the lowest among the
three models. Meanwhile, for the Person category, the misclassification of “actual crowd
samples locally predicted as individual persons” remains at 315 cases, a slight increase
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over the basic fusion model. This shift is not a performance degradation but rather a
manifestation of the deep logical behavior of the DMAC-Net architecture. In the context of
multi-class object detection under complex receptive fields, such a shift further indicates
a refinement of the network’s spatial resolution granularity. When facing dense targets,
the baseline model, limited by its feature extraction capability, tends to coarsely predict an
entire region as “crowd”. In contrast, the improved model, benefiting from deep interaction
through asymmetric context guidance, acquires a stronger ability to separate individual
instances, decoupling originally clustered crowds and accurately locating individual per-
sons within them. This marks a substantial improvement in feature discriminability in
crowded scenes. From a practical engineering perspective, this prediction tendency to
separate aggregated crowds into individual person targets essentially endows the aerial
detection system with higher precision and finer-grained personnel localization capabil-
ity, reflecting the stable characteristic of the proposed model when handling complex
crowded scenarios.

4.3.4. Visualization Analysis

To intuitively analyze the robustness of each architecture in complex receptive field
environments, this paper selects several challenging typical scenes for visual comparison
in the ablation study, as shown in Figure 7, which more directly illustrates the internal
detection logic and working mechanism of the model.

Due to the highly complex backgrounds in the original dataset images and the ex-
tremely small proportion of target objects, to enhance the visual contrast of target re-
gions and improve the readability of the visualization panels—thereby better illustrat-
ing the performance variations during the ablation process—the panels in this section
are appropriately cropped for emphasis based on the comparison regions, and are sup-
plemented with annotations in various colors and shapes to facilitate analysis. The
specific meanings of all markers are detailed in the respective figure captions of each
visualization panel.

Comparing the detected “person” and “crowd” categories in the first and third column
(yellow circles), as modules are progressively introduced, the model tends to classify
dense areas as crowd, while the final DMAC-Net is more inclined to separate individual
pedestrians from the crowd. This finding is consistent with the error analysis presented
earlier; after deep feature interaction, the model acquires a stronger capability to decouple
originally clustered crowds into individual targets.

In the first-column scene, the person targets are located in marginal areas with complex
occlusion and illumination distribution. Particularly in night vision scenarios, inter-class
discriminability is challenging, especially for morphologically similar targets such as riders
and ordinary pedestrians. Due to the lack of deep context guidance, the basic fusion
model and the model using only the DAGE module fail to recognize weakly featured
pedestrians under tree shadows, resulting in missed detections. With the introduction of the
ACGF module, the network begins to perceive the existence of targets through asymmetric
context guidance. Ultimately, DMAC-Net, equipped with a more comprehensive global
receptive field, captures pedestrian contours under occlusion and recovers the previously
missed targets.
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Figure 7. Visual ablation results of the DMAC-Net architecture on the RGBTDronePerson dataset.
The combination of red dashed boxes and red check marks indicates correct detections. Red circular
dashed boxes denote missed or false detections, while yellow circular dashed boxes highlight the
different detection behaviors between the “crowd” and “person” categories across ablation stages.
Column markers correspond to the ablation stage models listed in Table 3, and the module compo-
sition names follow the same convention as in Table 3. In each of the figures, the light blue labels
represent the “person” class, the white ones represent the “rider” class, and the dark blue ones
represent the “crowd” class.

The second column demonstrates the model’s ability to discriminate complex back-
ground noise and further reveals the complementarity of infrared and visible fusion. Under
low-illumination conditions, visible images often fail to accurately locate targets, whereas
the infrared modality can more precisely position targets through thermal radiation. How-
ever, for interfering objects such as vehicle hoods, the infrared modality exhibits high
thermal radiation contrast, which, while enabling precise localization, also makes it prone
to misclassifying the front or rear areas of vehicles as detection targets. This issue is sub-
stantially mitigated after introducing the asymmetric context guided fusion mechanism.
The ACGF structure leverages information from the visible branch, which is unaffected by
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thermal radiation, to compensate for interference in the infrared branch, achieving semantic
alignment between modalities and effectively distinguishing non-person thermal radiation
information, thereby suppressing false positives. This provides strong evidence for the
unique advantage of the asymmetric fusion mechanism in filtering heterologous artifacts.

In the third and fourth columns, dense target scenes contain occluded targets at
image edges and extremely small-scale person targets. The baseline model exhibits de-
graded detection performance near image boundaries. Through the synergy of its modules,
DMAC-Net demonstrates edge robustness and noise suppression. Whether for pedestrians
at the image periphery or those occluded by trees, DMAC-Net achieves precise bound-
ing box localization, with significantly higher detection completeness compared to all
ablation stages.

Overall, the visualization results are consistent with the quantitative analysis. Through
the organic integration of its modules, DMAC-Net achieves optimal performance across
various complex scenes. In the front-end backbone stage, the DAGE unit enhances the
representation of local directional details; ACGF suppresses background false positives
through asymmetric alignment; the filtered target information is then delivered to the
neck network, where multi-scale dilated cross-stage feature extraction ensures detection
accuracy for small and occluded aerial targets. This multi-dimensional feature enhancement
mechanism further ensures the strong reliability of the model under the complex receptive
fields characteristic of UAV perspectives.

4.3.5. Validation of the Direction-Aware Front-End Strategy

To verify the optimal topological deployment of convolutional reconstruction in the
feature extraction stage, this study designs two different integration schemes to evaluate
the logical order and computational complexity of direction-aware and feature extrac-
tion within the module. The experimental results on the RGBTDronePerson dataset are
summarized in Table 4.

APConv-pre denotes a downsampling replacement design that, based on direction-
sensitive downsampling, restructures the APConv at the beginning of the DAGE unit.
APConv-post denotes a feature extraction block replacement scheme that retains the original
downsampling layer and adds the pinwheel convolution as an attention mechanism to
the output of the core feature extraction block within the original C3K2 module. The
experimental data are presented in Table 5.

Table 5. Analysis of direction-aware front-end strategies on RGBTDronePerson.

Methods Modality Precision Recall Map50 Map50-95 Parameters(M) GFLOPs(G)

Conv dual 0.523 0.488 0.449 0.166 3.72 9.4
APConv-pre dual 0.567 0.510 0.487 0.178 3.67 9.2
APConv-post dual 0.548 0.514 0.482 0.181 4.80 16.8

As can be observed from the experimental results, both schemes achieve significant
improvements in various accuracy metrics, yet they exhibit different characteristics in terms
of efficiency and computational cost.

For the APConv-post reconstruction scheme, although this high-frequency invocation
approach achieves the highest mAP50-95 under strict thresholds (0.181), it demands higher
computational requirements and underperforms the pre-fusion strategy in terms of preci-
sion and mAP50. The pre-fusion design adopted in this paper demonstrates more stable
parameter efficiency. Meanwhile, this scheme improves precision by 4.4% and mAP50
by 3.8%. This indicates that, during the downsampling stage where spatial resolution
is reduced, the pre-positive convolution mechanism can serve as an efficient operator to
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suppress background noise and preserve key directional geometric information while
reducing redundant computational overhead.

From the perspective of feature evolution, reconstructing the convolution at a pre-
positive position has heuristic significance for processing logic. During the downsampling
process of UAV images, the reduction in spatial resolution is often accompanied by irre-
versible loss of edge information from tiny objects. By leveraging asymmetric directional
receptive fields to extract geometric extreme-value features precisely when information
loss occurs, the detection structure acts as a structural prior filter. This design ensures
that the feature stream injected into subsequent extraction branches possesses a higher
signal-to-noise ratio and directional discriminability, thereby enabling the network to main-
tain accurate capture of target contours even when dealing with low-quality images from
UAV perspectives.

4.4. Comparative Experiments

To further validate the effectiveness of DMAC-Net in complex remote sensing tasks,
this study selects multiple mainstream detection algorithms for comparative evaluation.
Other types of models under the same task are trained and validated on the same dataset,
and the experimental results and data are compared accordingly. The models and archi-
tectures selected for comparison include YOLOv12 [42], MASAG [43], ICAFusion [28],
MDAF [44], and DEYOLO [27]. The experimental results on the RGBTDronePerson dataset
are shown in Table 6.

Table 6. Comparison of DMAC-Net with other algorithms on the RGBTDronePerson dataset.

Methods Precision (%) Recall (%) F1 (%) Map50 (%) Map50-95 (%)

YOLOv12 [42] 52.6 48.1 50.2 44.7 16.1
MASAG [43] 51.1 47.5 49.2 42.8 15.7

ICAFusion [28] 52.9 47.7 50.2 44.4 15.9
MDAF [44] 55.7 50.1 52.7 47.3 17.2

DEYOLO [27] 55.8 51.2 53.4 47.5 17.2
DMAC-Net 56.4 50.9 53.5 50.2 19.1

Experimental results demonstrate that the proposed DMAC-Net model is competitive
across multiple core evaluation metrics. In terms of mAP50, DMAC-Net achieves 50.2%,
outperforming DEYOLO (47.5%) and MDAF (47.3%) by 2.7% and 2.9%, respectively. For
the mAP50-95 metric, which reflects high-precision localization capability, the proposed
model attains 19.1%, surpassing all other compared networks. This further demonstrates
that the model can achieve more precise fitting of target boundaries while maintaining
accurate classification.

From the perspective of remote sensing UAV imagery, the ability to suppress missed
detections of dense targets is intuitively reflected by recall. DMAC-Net achieves a recall
of 50.9%, demonstrating stronger detection capability compared to most competing mod-
els. The F1 score, which balances precision and recall, reaches 53.5%, indicating that the
model not only increases the number of detected targets but also maintains good prediction
accuracy, striking a favorable balance between missed detections and false positives. Com-
pared with DEYOLO, although DEYOLO exhibits a slightly higher recall (+0.3 percentage
points), its mAP metrics are both lower than those of DMAC-Net. This suggests that while
DEYOLO has some feature sensitivity for reducing false positives, there remains room for
improvement in handling weak targets under complex backgrounds. In contrast, DMAC-
Net effectively expands the detection range of target receptive fields while preserving high
precision, achieving more robust detection performance.
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The comparative results further validate the feasibility of the DMAC-Net architecture
for multi-modal feature fusion. Through asymmetric guidance and multi-scale feature
extraction mechanisms, the model effectively bridges the limitations of single-modal in-
formation and demonstrates superior comprehensive adaptability on the RGBT dataset
compared to existing representative algorithms.

To visually compare the detection performance of different methods, a visual compari-
son of this set of comparative experiments is presented in Figure 8.

As shown in Figure 8, in the multi-target aerial scene of row (a), the performance
of all models is generally stable. However, the overlapping “rider” targets located at the
edges remain challenging for detection. Although YOLOv12, DEYOLO, and MASAG
accurately identify individual categories, they are insensitive to overlapping targets of
the same class, which further highlights the importance of multi-scale cross-stage feature
extraction for ensuring robust detection of occluded or overlapping targets. In the occluded
target scenario of row (b), only DMAC-Net and MDAF correctly detect the occluded
“rider” category. The other models exhibit varying degrees of missed detections, while
ICAFusion and YOLOv12 produce redundant and imprecise detection boxes, largely due to
noise interference degrading the model’s localization discrimination. In the tiny “person”
detection of row (c), the model’s ability to capture extremely weak features of aerial small
targets is demonstrated. Only DMAC-Net successfully identifies the “person” target
located within a vehicle. MDAF and MASAG misclassify the vehicle’s infrared signature as
“crowd,” which is consistent with the observations in the previous ablation experiments,
further proving the importance and necessity of the asymmetric fusion mechanism in
filtering heterologous artifacts.

To further validate the generalization capability and robustness of the proposed
model under the same scenario, we introduce the AVMS UAV aerial dataset for auxiliary
comparative validation. The experimental results are compared in Table 7.

Table 7. Comparison of DMAC-Net with other algorithms on the AVMS dataset.

Methods Precision (%) Recall (%) F1 (%) Map50 (%) Map50-95 (%)

YOLOv12 [42] 55.0 51.7 53.3 51.2 29.7
MASAG [43] 45.5 50.1 47.7 45.1 25.2

ICAFusion [28] 68.1 45.8 54.8 53.5 29.3
MDAF [44] 60.1 49.4 54.2 52.8 29.3

DEYOLO [27] 56.8 47.1 51.5 56.5 24.7
DMAC-Net 60.6 51.7 55.8 57.6 33.2

In terms of comprehensive evaluation metrics, the proposed model achieves the
highest mAP50 and mAP50-95 scores. Compared with models of similar performance,
the proposed model maintains relatively stable classification accuracy and bounding box
regression precision under new data distributions.

When analyzing the trade-off between missed detections and false positives, different
metrics exhibit distinct distribution tendencies. ICAFusion achieves the highest precision
(68.1%) but suffers from low recall (45.8%), indicating that this algorithm tends to make
conservative predictions, resulting in some targets being missed. The recall of the proposed
model reaches 51.7%, which is on par with the YOLOv12 model, while its precision shows a
certain improvement over YOLOv12. Based on a comprehensive consideration of these two
metrics, the proposed model achieves an F1 score of 55.8, demonstrating the best detection
balance among all compared algorithms.
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Figure 8. Detection comparison on RGBTDronePerson using DMAC-Net. Each scene is presented
in two rows. Scenes (a–c) correspond to a multi-object remote sensing scene, an occluded target
scene, and a scene with extremely weak features for tiny objects, respectively. Red dashed boxes
with red check marks indicate correct detections, while red circular dashed boxes denote missed or
false detections. The comparison illustrates how DMAC-Net outperforms other methods in handling
overlapping targets, occlusion, and feature-sparse small objects.
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Therefore, based on the test performance on the AVMS dataset, it can be concluded that
the multi-modal feature processing mechanism of DMAC-Net possesses a certain degree
of generalizability. Facing scene variations across different datasets, the model maintains
target detection rates while controlling false positives, reflecting its reliable adaptability.
The visual comparison on this dataset is illustrated in Figure 9.

 

Figure 9. Visual comparison of detection results on the AVMS dataset using the DMAC-Net architecture.
Each scene (a–c) is displayed in two rows. Red dashed boxes with red check marks indicate correct
detections, while red circular dashed boxes denote missed or false detections. The comparison illustrates
the robustness of DMAC-Net under dense target arrangements and oblique viewing angles.
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Unlike the RGBTDronePerson dataset, the AVMS dataset features denser targets. Most
importantly, the images in this dataset are mostly captured under relatively stable illumina-
tion conditions, making the visibility of the visible light branch significantly higher than
that of RGBTDronePerson, with much richer features. Therefore, comparative experiments
on this dataset can provide auxiliary insights into the model’s robustness under different
illumination conditions.

As shown in Figure 9, rows (a) and (b) both present dense vehicle arrays. All models
in the comparative experiments exhibit stable classification and precise detection bounding
boxes when handling such dense scenes. The multi-target scene in row (a) covers almost
all categories in this dataset. In this scenario, only the DMAC-Net model successfully
classifies multiple “person” targets on the main road, while the other models exhibit
varying degrees of missed detections. In the typical aerial scene of row (b), the DEYOLO
model misclassifies other targets in the field as “car”, which further reflects the difficulty of
learning category features from an overhead perspective due to the challenge of capturing
target characteristics in UAV small object detection. In the oblique-view scene of row (c),
the receptive field is more complex and target interference is stronger. YOLOv12, DEYOLO,
ICAFusion, MDAF, MASAG, and DMAC-Net all successfully identify the “car” category
among buildings. However, except for DMAC-Net, all other models exhibit varying
degrees of false positives. This provides strong evidence for the capability of DMAC-Net
in mitigating modality degradation and enhancing multi-scale feature extraction.

Overall, under relatively stable illumination conditions, the proposed model still
demonstrates stable robustness and detection capability.

4.5. Cross-Scale Scenario Comparison

Notably, to further validate the boundaries of DMAC-Net under cross-scene and multi-
scale feature conditions, this section introduces the LLVIP dataset for cross-scale scenario
evaluation. Unlike the high-altitude long-distance, extremely small object characteristics
exhibited by the RGBTDronePerson and AVMS datasets, the LLVIP dataset focuses on
near-ground medium-distance imaging, where pedestrian instances exhibit a clear medium-
scale characteristic in terms of spatial occupancy. Moreover, the acquisition environment is
under extreme low-illumination conditions with severe light constraints.

By extending the validation scope from UAV overhead remote sensing scenes to mid-
distance overhead contour representation, drawing reference from low-altitude scenarios,
the stability of feature extraction under different spatial resolutions and viewing distance
spans can be examined, thereby evaluating the generalizability of the architecture under
complex lighting transitions and scale variations. The experimental results are presented
in Table 8.

Table 8. Cross-dataset generalization evaluation of DMAC-Net on LLVIP.

Methods Precision Recall F1 Map50

YOLOv12 [42] 0.955 0.861 0.906 0.942
CFT [45] 0.934 0.870 0.901 0.939

MASAG [43] 0.946 0.880 0.912 0.948
ICAFusion [28] 0.952 0.891 0.920 0.954

MDAF [44] 0.951 0.883 0.916 0.956
DEYOLO [27] 0.932 0.890 0.911 0.948
YOLOv10 [46] 0.946 0.880 0.912 0.940
YOLOv13 [47] 0.950 0.884 0.916 0.948

DMAC-Net 0.953 0.892 0.922 0.952
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As shown in Table 8, due to larger target scales and richer data, all algorithms achieve
significantly improved metrics compared to the previous remote sensing datasets.

The experimental results show that the proposed model achieves outstanding recall
(0.892) and F1 score (0.922), reflecting its ability to expand detection boundaries while main-
taining high confidence, thereby mitigating background false alarms and target loss caused
by imbalanced modality weights. This further demonstrates that under low-illumination
conditions, DMAC-Net effectively extracts infrared thermal radiation features, enabling
more robust capture of visible-light targets and reducing missed detections. In terms of
mAP50, although the proposed model is slightly lower than ICAFusion by 0.2 percentage
points, it still significantly outperforms all other models, including MASAG and DEYOLO.
Moreover, the marginal fluctuations in the high-score range and the overall stable per-
formance further validate that DMAC-Net, originally designed for high-altitude small
targets, maintains good detection accuracy and stable scale convergence when handling
near-ground medium-scale targets with varying spatial resolutions.

Therefore, the performance on the LLVIP dataset confirms the robust monitoring
capability of DMAC-Net under extreme low-light scenarios and medium-scale targets. The
architecture is not only suitable for fragmented target recognition in high-altitude aerial
views but also demonstrates reliable detection efficiency in near-ground wide-area surveil-
lance tasks, reflecting its technical adaptability in cross-scale and cross-scene applications.
The visual detection results of the model on this dataset under high-noise, low-illumination,
and target-dense scenarios are illustrated in Figure 10.

 

Figure 10. Visual detection results of the DMAC-Net architecture on the LLVIP dataset. Each column
represents a different scene type: from left to right, high-noise, low-light, and dense target scenarios.
Only containing one type of "person" category target, in the group of images, it is represented by blue
detection boxes and labels.

In dense target scenarios, the proposed model can finely segment crowded crowds.
In the second column, under extremely low illumination where visible images fail to
capture human targets, the model accurately recalls targets in near-dark environments,
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demonstrating its stable robustness in low-light multi-scale scenarios. In the third column,
under challenging lighting and complex noise interference, the model successfully identi-
fies a person on an electric vehicle, further reflecting its stability in multi-representation
target contexts.

This comparison also provides insights into target classification. In the RGBTDronePer-
son dataset, although all three target categories are pedestrians in physical form, the dataset
further subdivides pedestrians into “person”, “crowd”, and “rider” classes based on mor-
phology, focusing on deeper feature analysis. This poses greater challenges for the model’s
feature extraction and classification granularity. In contrast, the LLVIP dataset, while main-
taining larger target scales, uniformly annotates various human forms as the “person” class,
which is also well-suited for large-scale aerial detection scenarios in industrial applications.
Despite different target scales and classification priorities, DMAC-Net consistently exhibits
excellent detection performance, further validating its stable transferability and strong
generalization capability.

5. Discussion
The DMAC-Net architecture proposed in this paper integrates Direction-Aware Gran-

ularity Enhancement (DAGE), Asymmetric Context Guided Fusion (ACGF), and multi-
Granularity Dilation Aggregator (MGD). These modules collectively address the key chal-
lenges of multimodal small-object detection from UAV perspectives, including feature spar-
sity, strong background interference, and cross-modal heterogeneous artifacts. Although
DMAC-Net demonstrates robust performance and high accuracy on the RGBTDronePerson,
AVMS, and LLVIP datasets, several limitations remain. These include issues related to the
underlying model mechanisms, computational cost, practical deployment, and compari-
son with state-of-the-art methods. Further investigation and optimization are needed in
future work.

Based on the visualization results in Sections 4.3 and 4.4, DMAC-Net still shows
weaknesses in some extreme scenarios. First, the ACGF module is built on an asymmetric
prior assumption: the infrared modality can provide stable contour anchors. However, this
assumption may fail when the infrared radiation temperature of the target is extremely
close to that of the background. In such cases, a thermal crossover effect occurs. As a
result, the infrared branch can no longer serve as an effective local guiding anchor, and
the quality of cross-modal feature alignment decreases. In addition, the model still has
room for improvement in fine-grained classification. This issue is particularly evident in
the RGBTDronePerson dataset. When targets such as “rider,” “person,” and “crowd” have
highly similar shapes, appear near the image boundary, and overlap heavily, the model
finds it difficult to distinguish subtle inter-class differences at extremely small scales. For
example, it may still struggle to determine whether a pedestrian is riding a bicycle.

Improved detection accuracy inevitably brings higher computational complexity. Ac-
cording to the model complexity results in Table 2, both the number of parameters (Params)
and the floating-point operations (GFLOPs) increase as more modules are introduced and
refined, compared with the baseline model. In practical deployment, this creates additional
challenges. UAV onboard computing platforms usually operate under strict constraints in
power consumption and memory bandwidth. Therefore, real-time onboard deployment
will require a better balance between accuracy and efficiency. Future work may address
this issue by introducing model compression techniques, such as structured pruning and
knowledge distillation. In the comparative experiments in Section 4.4, DMAC-Net was
evaluated against several advanced detection algorithms. The results show that DMAC-
Net outperforms other fusion-based detection models in terms of F1 score and mAP50.
At the same time, the objective comparison across cross-scale scenarios also reveals an-
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other limitation. DMAC-Net adopts a perception-oriented design. To handle complex
cross-modal semantic heterogeneity, it relies on relatively heavy asymmetric guidance and
multi-granularity interactive feature flows. This design is effective in challenging scenarios,
but it also makes the model relatively heavy. As a result, in simple and conventional scenes
with favorable illumination, where multimodal complementarity is less necessary, the large
dual-stream architecture of DMAC-Net still has room for improvement in adaptability.

The above analysis of the model’s weaknesses, computational cost, and scenario-
dependent limitations helps clarify the current application boundaries of DMAC-Net. It
also provides useful guidance for future research on lightweight multimodal perception
systems for real-time UAV edge deployment.

6. Conclusions
This study presents DMAC-Net, a direction-aware asymmetric context-guided multi-

modal detection network for small object detection from UAV perspectives. The model is
designed to address several persistent challenges in this task, including sparse target fea-
tures, noisy cross-modal fusion, and complex illumination interference. Within the overall
architecture, the DAGE backbone unit and the ACGF fusion module work together as two
key components. The DAGE unit uses its direction-aware design to capture thermal edge
cues from infrared images and geometric details from visible images. Its multi-granularity
design also enlarges the receptive field, which helps relieve the feature extraction difficulty
caused by dense small targets and large scale variation. Building on this, the ACGF module
avoids the weakness of conventional equal-weight fusion, which often introduces extra
noise. Instead, it follows an asymmetric decoupling strategy. Infrared features provide
stable local contour guidance, while visible features offer broader semantic context. This de-
sign improves cross-modal interaction and helps suppress heterogeneous artifacts. Together
with the multi-scale cross-stage feature reconstruction in DAGE, the network achieves a
good balance between precision and recall. Experimental results show that DMAC-Net
achieves the best mAP on the RGBTDronePerson dataset. It also maintains stable detection
performance on the LLVIP dataset across cross-scale scenarios, different acquisition heights,
and extreme lighting conditions.

Although DMAC-Net performs competitively across multiple metrics, several issues
still need further study before it can better meet more complex practical demands. First,
the current asymmetric guidance mechanism in ACGF always treats the infrared modality
as the primary anchor. This design may become less effective when the thermal radiation
signal of the target is extremely weak. A possible next step is to introduce an adaptive
modality reliability evaluation mechanism, so that the weighting of the two modalities
can be adjusted according to the scene. Second, missed detections of extremely small
targets under severe occlusion remain a challenge. In addition, the network’s preference for
extremely small target perception may slightly affect the fine localization of medium-scale
targets. Future work will therefore examine the use of a super-resolution auxiliary branch
or a more general multi-scale fine-grained decoupling strategy. Finally, for deployment on
resource-constrained UAV platforms, lightweight optimization remains necessary. Future
research will explore approaches such as knowledge distillation and channel pruning
to reduce computational cost while preserving the current detection accuracy, thereby
improving the practical value of the model in real deployment scenarios [48–50].
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