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Highlights

What are the main findings?

¢ SGW-DETR is a novel detection framework for infrared target detection in UAV remote sens-
ing images under multi-type composite degradation conditions. Three synergistic innovation
modules (FDSANet, GSFN, WCFA) respectively enhance frequency-domain adaptive feature
extraction, graph-structured multi-scale fusion, and wavelet-guided contrastive decoding, while
effectively suppressing background thermal radiation interference.

¢ A UAV infrared multi-type degradation dataset was constructed containing 4,686 images covering
six degradation types (blur, rain, snow, fog, strong light, and electromagnetic interference) with
component-level annotations. On this dataset, SGW-DETR achieves an mAPsy of 75.2%, with
computational cost and parameter count reduced by 16.8% and 9.9% respectively, and inference
speed reaching 85.5 FPS, comprehensively outperforming the baseline model RT-DETR and other
mainstream methods.

What are the implications of the main findings?

*  The study demonstrates that explicit robustness modeling for multi-type composite degradations
(including blur, rain, snow, fog, strong light, and electromagnetic interference) can significantly im-
prove UAV infrared target detection performance, thereby breaking the dependence of traditional
detectors on standard clear imaging conditions.

¢  The proposed framework provides a lightweight and practical solution for real-time infrared
target perception on resource-constrained UAV platforms, with broad application potential in
scenarios such as nighttime reconnaissance and surveillance, adverse weather search and rescue,
and traffic monitoring.

Abstract

Infrared object detection from unmanned aerial vehicles (UAVs) is critically challenged by multi-type
composite degradation—including noise, blur, and low contrast—which severely undermines feature
discriminability and multi-scale target perception. This study proposes SGW-DETR (Spectral-Guided
Graph-structured Wavelet Detection Transformer), a novel framework built upon RT-DETR, incor-
porating three synergistic modules across the backbone, neck, and encoder. FDSANet (Frequency
Domain Spectral Awareness Network) replaces the conventional ResNet backbone, integrating the
Multi-Scale Frequency Perception Module (MSFPM), Selective Channel Frequency Decomposition
(SCFD), and Dynamic Kernel Spectral Modulation (DKSM) to achieve instance-level adaptive spectral
feature extraction without degradation-type supervision. The Graph-Structured Fusion Network
(GSEN) combines the Adaptive Semantic Fusion Module (ASFM) with the Graph Structure Perception
Module (GSPM), employing Gaussian kernel soft membership and two-stage message passing to
explicitly model spatial topological dependencies among object components. The Wavelet-guided
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Contrast Feature Aggregation module (WCFA) restructures the Attention-based Intra-scale Feature
Interaction (AIFI) encoder via a Haar-based Frequency Decomposition Unit (HFDU), decompos-
ing features into foreground-edge and background-thermal components and achieving hierarchical
foreground-background decoupling through nested dual-path causal contrastive attention. A UAV
infrared degradation dataset comprising 4,686 images spanning six degradation types with component-
level annotations was constructed for evaluation. SGW-DETR achieves 75.2% mAPs5, outperforming
RT-DETR by 3.5%, while simultaneously reducing GFLOPs and parameter count by 16.8% and 9.9% at
an inference speed of 85.5 FPS. Sustained performance gains on M3FD and IndraEye benchmarks fur-
ther demonstrate the framework’s cross-domain generalization capability, offering practical value for
UAV-based surveillance, search-and-rescue, and border monitoring under adverse imaging conditions.

Keywords: UAV infrared detection; composite image degradation; spectral feature learning; graph
neural network; wavelet decomposition; transformer detection

1. Introduction

UAV-based infrared object detection has broad application value in the field of remote sensing,
enabling the execution of reconnaissance surveillance, search-and-rescue operations, and traffic moni-
toring tasks under conditions where visible-light imaging is severely limited [1,2]. By capturing the
thermal energy radiated by targets themselves rather than relying on ambient illumination, infrared
sensors possess inherent advantages for night operations and adverse weather conditions. However,
UAV infrared detection systems face a fundamental challenge in real-world environments: imaging
quality can be severely degraded by multiple physical interference factors, including atmospheric
scattering, optical blur induced by platform vibration, extreme illumination, and electromagnetic
interference in complex environments [3,4]. Under these composite degradation conditions, the dis-
criminability of thermally radiating targets is substantially reduced, posing serious challenges for
achieving robust and reliable object detection [5]. In particular, the aerial perspective of UAVs means
that targets commonly exhibit multi-scale structures and partial occlusion, making the spatial topologi-
cal relationships between targets and their components difficult for conventional detection frameworks
to model effectively—a limitation that places even higher demands on robust target perception [6].

The rapid development of deep learning has driven continuous advances in infrared object
detection. Convolutional neural network-based detectors (e.g., the YOLO series [7,8]) and Transformer-
based end-to-end detection frameworks (e.g., RT-DETR [9]) have both achieved excellent results on
standard benchmark datasets. Nevertheless, the feature representations learned by these models are
adapted to specific data distributions during training, and they lack explicit frequency-domain adaptive
modulation mechanisms to cope with the spectral distribution shifts caused by multi-type degradation
at inference time, resulting in limited robustness when extracting discriminative features from targets
[10]. In UAV-captured infrared scenes, background thermal radiation (e.g., heated road surfaces
and building facades) further contaminates feature representations, causing persistent deterioration
of foreground targets across multiple scales [11]. From an aerial perspective, the ubiquitous multi-
scale and partially occluded targets are disproportionately affected because the discriminative high-
frequency boundary information inherent to such targets is already sparse or incomplete, and thus
particularly susceptible to suppression by degradation factors such as motion blur, atmospheric
interference, and sensor noise [12].

Existing research on degradation-robust detection can be organized into two paradigms. The
first is the restore-then-detect pipeline approach, which employs image restoration networks such
as Restormer [13] and FFA-Net [14] as preprocessing modules prior to detection; MWFormer [15]
further integrates multi-weather unified restoration into a single Transformer framework. However,
a fundamental optimization misalignment exists between the restoration loss targeting visual qual-
ity and the task objective targeting detection performance, and gains in restoration quality do not
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necessarily translate into improvements in detection accuracy [16]. The second paradigm is end-to-
end degradation-aware detection, which embeds degradation adaptability directly into the detection
backbone through attention mechanisms or dynamic convolutions [17,18]. A recent example, MODE
[19], introduces multi-modal guided mechanisms to improve adaptability to multiple degradation
types, yet the degradation types covered still focus primarily on haze, rain, and snow, making it
difficult to address the practical demands of real-world conditions where blur, strong illumination,
electromagnetic interference, and other degradation types coexist.

Furthermore, existing multi-scale feature fusion methods treat features at each scale as indepen-
dent entities, integrating cross-layer information via simple concatenation or element-wise summation,
without the capacity for explicit modeling of spatial topological dependencies among object compo-
nents. In infrared scenes where thermal radiation distributions are irregular and target component
discriminability declines with increasing degradation intensity, this structural deficiency is further
amplified [20,21].

To systematically address these issues, this paper proposes SGW-DETR, a UAV infrared object
detection framework designed for multi-type composite degradation. The study targets cars (including
the car front), trucks (including the truck front), and persons, with simulated degradation types
covering blur, rain, snow, fog, strong light, and electromagnetic interference. Three synergistically
designed innovative modules are introduced at the backbone, neck, and encoder stages of the RT-
DETR architecture, respectively, constructing a complete degradation-robust detection system from
three dimensions: frequency-domain adaptive feature extraction, graph-structured multi-scale fusion,
and frequency-domain contrastive decoding attention. The main contributions of this paper are
summarized as follows:

e  FDSANet is proposed as a frequency-domain adaptive backbone network. Channel-level fre-
quency decomposition and residual spectral modulation are achieved through the Residual
Frequency Spectral Module (RFSM) within MSFPM; differentiated frequency-domain modeling
with semantic-level awareness is realized through SCFD; and instance-level dynamic kernel
spectral modulation is accomplished through DKSM—all without requiring degradation-type su-
pervision, maintaining stable multi-scale discriminative feature representations under multi-type
composite infrared degradation.

*  GSEN is proposed, integrating ASFM and GSPM. Graph-structure modeling of spatial depen-
dencies among target components is introduced, and cross-scale semantic fusion is calibrated
adaptively through attention, significantly improving target feature discriminability under ther-
mal radiation and degradation clutter conditions.

e  WCFA is proposed, achieving hierarchical decoupling of foreground saliency enhancement and
background thermal interference suppression under physically interpretable frequency-domain
priors, through Haar frequency decomposition via HFDU and nested dual-path causal contrastive
attention.

The remainder of this paper is organized as follows. Section 2 reviews related work on UAV-
perspective infrared degradation detection, frequency-domain feature learning and graph-structured
perception modeling, and infrared degradation detection datasets. Section 3 details the design of the
proposed method. Section 4 presents experimental results and ablation studies. Section 5 concludes
the paper.

2. Related Work
2.1. UAV-Perspective Infrared Degradation Object Detection

Research on robust UAV infrared detection under degradation conditions is relatively sparse and
has largely been confined to single degradation types. Wu et al. [22] proposed UIU-Net, which achieves
multi-level multi-scale representation learning and global-local contrast enhancement for infrared small
targets through a “U-Net embedded within U-Net” architecture combined with resolution-preserving
deep supervision and interactive cross-attention modules. Yuan et al. [23] proposed SCTransNet, which
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encodes global semantic differences effectively using spatial-channel cross-Transformer blocks with
spatially embedded single-head channel cross-attention and complementary feed-forward networks
on the long skip connections of U-Net, achieving infrared small-target detection performance that
surpasses prior methods on multiple public datasets. Zhang et al. [24] proposed a method based on
PicoDet that introduces a lightweight LCNet backbone, integrates squeeze-and-excitation modules, and
improves the feature pyramid structure, achieving a 31 fps increase in frame rate and a 7% improvement
in average precision for UAV infrared small-target detection on the HIT-UAV dataset. Randieri et al.
[25] systematically reviewed the latest advances in obstacle and aerial-vehicle detection technology
for UAVs operating under adverse conditions such as fog, rain, smoke, low light, and motion blur,
analyzing the applicability of different sensors and the performance trade-offs of various methods,
and identifying lightweight, adaptive, and all-weather real-time detection systems as future research
directions. Wang et al. [26] proposed the JFD? framework, which uses a weight-sharing dual-branch
architecture wherein a clean branch guides a blurry branch with feature-level supervision, combined
with a frequency structure guidance module and a feature-consistency self-supervised loss, achieving
excellent detection performance and real-time efficiency on the self-constructed IRBlurUAV infrared
UAYV motion blur dataset; however, this work remains focused on a single motion-blur degradation
type. Collectively, these studies confirm that systematic research addressing multi-type degradation
scenarios—covering blur, rain, snow, fog, strong light, and electromagnetic interference—in UAV
infrared object detection remains scarce, which forms the core motivation of this paper.

2.2. Frequency-Domain Feature Learning and Graph-Structured Perception Modeling

The synergistic design of frequency-domain feature representations and graph-structured percep-
tion capabilities constitutes a critical pathway for improving detector discriminability in composite-
degradation infrared scenes. On the side of frequency-domain feature learning, Chi et al. [27] proposed
Fast Fourier Convolution (FFC), which achieves non-local receptive fields and cross-scale fusion and
can directly replace standard convolutions in existing networks. Chen et al. [28] proposed dynamic
convolution, which aggregates multiple parallel convolution kernels dynamically via attention mecha-
nisms to enhance model representational capacity without increasing network depth or width, provid-
ing an important foundation for dynamic kernel spectral modeling. In the domain of wavelet-space
feature learning, a Haar wavelet-based downsampling (HWD) module that maximizes information
preservation while reducing spatial resolution is readily integrated into various CNN architectures [29],
offering a physically interpretable prior for foreground-background frequency-domain decoupling in
degraded scenes.

On the side of graph-structured perception modeling, Kipf and Welling [30] proposed Graph
Convolutional Networks (GCN), realizing efficient graph-structured feature propagation with spectral-
domain convolution operators and establishing the neighborhood aggregation paradigm for graph-
based learning. Veli¢ckovi¢ et al. [31] further proposed Graph Attention Networks (GAT), achieving
adaptive structure-aware aggregation through learnable attention weights. However, these methods
rely on predefined fixed graph topologies or hard-threshold adjacency relationships, making graph
structural stability difficult to guarantee when features are perturbed by degradation. Wang et al. [32]
proposed Dynamic Graph Convolutional Neural Networks (DGCNN), which adaptively reconstruct
the neighborhood graph at each layer in feature space and capture dynamic local topological structures
with EdgeConv operators, laying the groundwork for a dynamic graph construction paradigm in which
soft membership replaces hard thresholds. In infrared imaging scenes, the irregular spatial distribution
of target thermal radiation and the degradation-induced decline in local discriminability make the
spatial topological associations between target bodies and components difficult to capture through
conventional fusion strategies. To address this structural deficiency, this paper introduces Gaussian-
kernel soft membership functions in place of hard-threshold adjacency partitioning to dynamically
construct graph structures, and completes feature propagation of spatial topological relationships
through two-stage message passing from nodes to structure edges and back, achieving robust explicit
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modeling of spatial dependencies between targets and their components under multi-type composite
degradation.

2.3. Infrared Degradation Detection Datasets

Existing UAV-perspective infrared object detection datasets—including HIT-UAV-Infrared-
Thermal-Dataset [33], LLVIP [34], DroneVehicle Dataset [35], and RGBTDronePerson [36]—each
emphasize different aspects of scene diversity and annotation scale, but their annotation types are
uniformly singular: none includes component-level annotations, and none provides systematic cover-
age of multi-type composite degradation conditions such as blur, rain, snow, fog, strong light, and
electromagnetic interference. To this end, this paper constructs a multi-type degradation infrared
object detection dataset from the UAV perspective, covering three categories: cars (including the car
front), trucks (including the truck front), and persons. Original images were collected from HIT-UAV-
Infrared-Thermal-Dataset [33] (977 images), LLVIP [34] (983 images), DroneVehicle [35] (1,749 images),
and RGBTDronePerson [36] (977 images), totaling 4,686 images, to ensure diversity in environments
and target categories. The dataset was re-annotated with component-level detection labels: cars are
labeled “c”, the car front (the region from the foremost edge of the front end to the front door gap) is
labeled “c_f”, trucks are labeled “t”, the truck front (the cab and the frame directly below it) is labeled
“t_f”, and persons are labeled “p”.

The complete dataset is split into a training set (3,280 images), test set (937 images), and validation
set (469 images) in a 7:2:1 ratio using a stratified sampling strategy to ensure consistent distributions
across subsets. The degradation simulation dataset consists of two parts: single blur degradation,
which applies mild, moderate, and severe blur processing to all clean images in a 4:4:2 ratio; and
composite degradation, which superimposes five additional degradation types—rain, fog, snow, strong
light, and electromagnetic interference—on top of blur, with 500 samples per type processed at three
intensity levels (mild, moderate, severe) to simulate complex imaging conditions where multiple
real-world interference sources coexist.

The specific degradation generation methods are as follows: motion blur is simulated via direc-
tional kernel convolution to model the relative motion caused by UAV platform vibration; defocus blur
is modeled with a Gaussian defocus kernel to simulate sensor focal-length degradation [37,38]; rain
streak effects are synthesized with a physics-driven rendering method that parameterizes raindrop
trajectory direction, density, and transparency [39]; snowfall effects are synthesized by randomly
scattering snowflake particles of varying sizes and transparency [40]; fog is generated using the
Koschmieder atmospheric scattering model [41,42], producing physically consistent scattering images
based on scene depth estimation and transmittance map computation; electromagnetic interference is
generated by superimposing periodic stripe noise, salt-and-pepper noise, and random block artifacts
[43,44]; and strong light effects are produced by saturating brightness to make the intensity values
in the corresponding regions reach their upper limits [44,45]. Following established construction
conventions for degraded-image detection benchmarks [46,47], these strategies are designed to sys-
tematically reproduce typical visual degradation scenarios encountered during actual deployment of
target recognition systems, thereby enhancing the dataset’s practical value for evaluating algorithm
robustness.

As shown in Figure 1, single degradation at different intensities was applied to the images,
demonstrating the degradation effects of different types and intensities on infrared targets. The first
column shows clean images, the second column shows mildly degraded images, the third column
shows moderately degraded images, and the fourth column shows severely degraded images.

Partial examples from the self-constructed dataset are shown in Figure 2. Red markings indicate
persons; dark-blue markings indicate trucks, and light-blue markings indicate the truck front; yellow
markings indicate cars, and orange markings indicate the car front. This dataset is restricted to
academic use and can be provided upon reasonable request; please contact the corresponding author

to apply.
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Clean image Mild Moderate Severe

Figure 1. (a) Infrared images without degradation and with three intensity levels of infrared blur degradation. (b)
Infrared images without degradation and with three intensity levels of infrared rain degradation. (c) Infrared
images without degradation and with three intensity levels of infrared snow degradation. (d) Infrared images
without degradation and with three intensity levels of infrared fog degradation. (e) Infrared images without
degradation and with three intensity levels of infrared strong-light degradation. (f) Infrared images without
degradation and with three intensity levels of infrared electromagnetic interference degradation.
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(1)Mild blur only

(5)Mild blur + mild fog (6)Severe blur + severe rain (7)moderate blur + moderate strong light (8)Mild blur + moderate
electromagnetic interference

Figure 2. Examples from the self-constructed dataset, including images subjected only to blur degradation and
images subjected to multi-source composite degradation.

3. Methods

As illustrated in Figure 3, SGW-DETR takes RT-DETR as the baseline and introduces synergisti-
cally designed innovative modules at three levels: backbone, neck, and encoder. At the backbone level,
FDSANet replaces the static ResNet backbone with frequency-domain adaptive convolutional units;
through the progressive frequency-domain modulation of MSFPM, SCFD, and DKSM, the backbone at
each scale stage can maintain stable representations of discriminative target features even under the
frequency-domain distribution drift induced by multi-type composite degradation. The neck-level re-
design starts from explicit modeling of the spatial relationships among object components: after GSFN
replaces the original Cross-scale CNN Feature Fusion (CCFF) structure, ASFM dynamically calibrates
the semantic contributions of multi-scale feature branches across branches, while GSPM captures the
topological dependencies between targets and their components through two-stage message passing
under a soft membership graph framework; the combined effect of the two modules significantly
improves the model’s perception of occluded and thermally blurred targets. At the encoder level,
WCFA restructures the AIFI module: fixed orthogonal Haar filters physically decompose features into
low-frequency background structure components and high-frequency foreground edge components,
after which a nested dual-path causal contrastive attention mechanism completes foreground saliency
enhancement and background thermal interference suppression in sequence, with a causal precedence
constraint between the two paths ensuring stability in the foreground-background decoupling process.
The three modules jointly constitute an end-to-end infrared object detection framework; the structural
design and operating principles of each component are detailed in the subsections that follow.
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Figure 3. Overall SGW-DETR framework structure, illustrating the synergistic module design at the three levels
of FDSANet backbone, GSFN neck, and WCFA encoder.

3.1. Frequency Domain Spectral Awareness Network

The ResNet backbone relied upon by conventional RT-DETR builds its feature hierarchy with
static spatial convolution kernels whose weights are fixed in parameter space once training is complete,
rendering the model incapable of responding to the frequency-domain distribution drift induced
at inference time by blur, rain and snow, haze, low illumination, strong light, and electromagnetic
interference in infrared images. This systematic degradation of discriminative boundaries—for human
contours, car front structures, and local key components of trucks—accumulates progressively with
increasing degradation intensity. To address these problems, FDSANet is proposed, embedding
frequency-domain adaptive convolutional units into the multi-scale feature extraction stages of the
backbone and replacing static spatial responses with dynamic frequency-domain weight modulation, so
that feature representations maintain stable discriminative structures under heterogeneous degradation
distributions. The structure of FDSANet is shown in Figure 4.
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Figure 4. FDSANet overall structure, including the three submodules MSFPM, SCFD, and MSFGM and their
frequency-domain adaptive processing flow.
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MSFPM replaces the original Bottleneck with RFSM units within a cross-stage branch framework,
extending the modeling space for channel-level feature refinement from the spatial domain to the
frequency domain. In the original C2f, Bottleneck units in each branch can only capture low-order
statistical features within the local receptive field of fixed convolution kernels, lacking any explicit
modeling capacity for the frequency-domain energy shifts caused by degradation. After replacement
by RFSM, each branch performs parameterized modulation of the amplitude and phase components
of input features in the spectral domain; the frequency-domain responses of multiple branches are
synthesized in the sense of the operator tensor product into the output representation of the /-th stage:

= [, @ (oo o

where () is the function space spanned by the branch outputs at stage I, u1(Y!)) is the measure
on this space, ]-"j(l)(- ; 9](1)) is the j-th frequency-domain transform operator parameterized by 9](1), and
¢ is the final aggregation map. Compared with the passive accumulation of spatial local responses by
the original Bottleneck, this design equips the feature maps at each scale stage with the explicit capacity
to suppress spectral components of degradation noise in the frequency domain, maintaining both
high-frequency detail preservation and low-frequency structural stability of target semantic features
under different degradation intensities, thereby improving the discriminability of multi-scale feature
representations.

RFSM couples local frequency-domain spatial mixing with channel nonlinear transformation
in residual form; the inclusion of the residual path allows the network to preserve the semantic
structure of the original features through identity mapping when frequency-domain modulation gain
is insufficient, preventing the over-suppression of target-discriminative spectral components by deep
frequency-domain transforms. After the input passes through SCFD for frequency-domain spatial
mixing of active channels, multi-layer channel transforms expand and compress the frequency-domain
response nonlinearly; the accumulated gain along the residual path with respect to degradation
intensity ¢ is expressed as:

5 R 32/\451)(3(”("1; S))
0x; 0s

AP (s) ds 2)

xPU = x; +
r=1
where SU)(-; s) is the local frequency-domain mixing operator of SCFD at stage | under degra-

(D)

dation intensity s, /\/lrl is the r-th layer channel transform, Agl) is the residual gain function with
respect to degradation intensity, and R is the number of transform layers. The second-order mixed
partial derivative explicitly characterizes the sensitivity of the frequency-domain modulation gain to
changes in degradation intensity, allowing the network to maintain the spectral completeness of target
semantic frequency components through the residual path even when the degradation distribution
shifts, effectively suppressing spectral leakage of discriminative information in deep frequency-domain
transforms.

SCFD constrains the scope of channel-level frequency-domain transforms via complementary
partitioning of the frequency-domain support set; the design rationale is that channel features at
different depths of the backbone exhibit significant semantic-level differentiation—high-semantic
channels concentrate their frequency-domain energy in low-frequency structural components, while
low-semantic channels respond more strongly to high-frequency texture details, and applying a
uniform frequency-domain transform to both leads to misaligned modulation of semantic frequency
components. By decomposing the complete frequency domain () into an active subdomain (); and a
passive subdomain (),—applying adaptive frequency-domain transforms to active channels while
preserving the original frequency-domain responses for passive channels—semantically differentiated
frequency-domain modeling is achieved:
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Flx) = [ (10 (@) FPx,0) + 1oy (@) x1(w) ) de @)

where I, (w) and I, (w) are indicator functions over the corresponding subdomains, and 7P
is the adaptive transform operator of stage I over the active frequency band. DKSM migrates the
convolution kernel weights entirely to the frequency domain, with a kernel-space modulation network
jointly predicting channel, filter, spatial, and kernel four-dimensional attention from the global statistics
of the input, allowing the spectral structure of convolution kernels to undergo instance-level adaptive
reconstruction as the input degradation type changes; its joint modulation response over the product
measure space is:

K
1!:[1 /Qk W;‘(w) . T’f(w) dw] 4)

where T is the product measure space composed of channel, filter, and spatial attention at stage I,
uk is the counting measure on this space, Wf (w) is the weight distribution of the k-th component in the
frequency domain (), T;( (w) is the frequency-domain kernel attention predicted by DKSM, and K is the
number of parameter decompositions. Multi-Scale Frequency Gain Module (MSFGM) further applies
selective gain constraints to different frequency bands on this basis, enhancing the spectral response of
convolution kernels in the frequency bands where target semantic frequency components concentrate
and suppressing it in the frequency bands dominated by degradation noise, thereby improving the
consistency of boundary response precision and category confidence estimation for the detection head
on human bodies, car fronts, and local key components of trucks under multi-degradation conditions.

By threading the frequency-domain adaptive mechanism through all levels of backbone feature
extraction, FDSANet enables the detection model to maintain stable discriminative boundaries for
human bodies, car fronts, and local key components of trucks under the cross-interference of multi-type
degradation, achieving significant improvements over the original RT-DETR baseline in both feature
robustness and target localization accuracy.

3.2. Graph-Structured Fusion Network

Conventional feature fusion strategies treat multi-scale features as mutually independent entities,
integrating cross-layer information via simple concatenation or element-wise summation, without the
ability to effectively model the intrinsic spatial topological dependencies between spatial regions. In
infrared imaging scenes, thermal radiation features exhibit irregular spatial distributions, and target
discriminability in specific regions declines substantially under composite degradation conditions
including blur, rain, snow, fog, low illumination, strong illumination, and electromagnetic interference,
further amplifying the structural deficiencies of existing fusion paradigms. To this end, GSFN is
proposed to replace the original CCFF neck structure, introducing GSPM for explicit modeling of struc-
tural dependencies between spatial nodes and designing ASFM for cross-scale semantic integration, so
that the network simultaneously possesses topological relationship awareness and cross-level feature
co-representation capability under multi-type degradation scenarios. The GSEN overall structure and
ASFM detailed structure are shown in Figure 5.

The overall flow of GSEN begins with a multi-level semantic aggregation stage: feature maps from
different depths of the backbone are spatially aligned and fused by ASFM into a unified multi-scale
representation, then fed into GSPM for spatial topological dependency modeling; the output features
are projected to the target dimensionality via linear projection and passed layer by layer to the detection
decoder. The weighted aggregation of semantics across levels can be expressed as:

Fou = [ (1) T(F())dl (5)

where F(]) is the feature representation at continuous level /, a(!) is the level-importance density
function learned by the attention mechanism, 7 is the composite transform operator encompassing
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graph-structure propagation and linear projection, and the integral spans all levels in the participating
fusion level set L.
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Figure 5. GSFN overall structure and ASFM detailed structure, illustrating the multi-scale feature adaptive
semantic fusion and graph-structured perception propagation flow.

ASFM replaces naive concatenation with attention-driven weighted summation, dynamically
calibrating the contributions of each input feature branch. Given K channel-aligned input feature
maps, ASFM sums all branches and extracts global context; per-branch attention weights are generated
via a lightweight bottleneck structure and cross-branch normalization, and the fusion output is:

K txk(Fk) - ©

Fasem = .
L T )

where FF is the channel-aligned feature of the k-th branch, and a is the function mapping each
branch’s feature to its importance score. This mechanism ensures that semantically dominant features
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are reinforced while branches corrupted by strong illumination or electromagnetic interference are
effectively suppressed.

GSPM dynamically constructs a graph structure on the flattened set of spatial feature nodes,
capturing spatially correlated node groups as structure edges to model dependencies. Structure edge
membership is determined by a Gaussian-kernel soft membership function:

dil’Z .
he— Aexp<—0;;ﬂ>duv0) (7)

where d(-, -) is the distance metric in feature space, iy is the counting measure on the node set V,
and ¢ is the bandwidth parameter controlling the scope of structure edge membership; soft membership
in place of hard thresholds confers stronger robustness against feature perturbations on the graph
structure. Graph Structure Propagation Convolution (GSPC) completes information propagation
through two-stage message passing from nodes to structure edges and from structure edges back
to nodes; the Node-Aggregation Path Accumulator (NAPA) performs normalized accumulation on
source node features propagated along associated paths, with the node aggregation representation
characterized by a weighted integral over associated paths:

agg w(ir ] ) i
X = T A Xidup () ®)
b fpwlig)de
where w(i, j) is the association strength function between nodes i and j along the graph path, and
the denominator normalizes the association strengths of all neighboring nodes. After graph-structure
propagation, the feature map undergoes linear projection for channel compression and alignment; this
projection, acting along the channel axis, is equivalent to a continuous linear integral:

Cin

FP™I (') :/0 w(c',c)-F(c)de, ¢ €{1,...,Cout} ©9)

where w(c’, ¢) is the projection weight function from input channel ¢ to output channel ¢/, provid-
ing dimensionally unified inputs for subsequent level-by-level feature fusion at a very low parameter
cost.

By systematically embedding graph-structure-aware branches and adaptive semantic fusion paths,
GSEN endows the network with explicit perception of associations among target components such as
car fronts, truck contours, and human body configurations, establishes semantically adaptive cross-
scale information channels between pyramid levels, and significantly improves the model’s feature
discriminability for small targets, occluded targets, and thermally blurred targets under multi-type
degradation conditions.

3.3. Wavelet-guided Contrast Feature Aggregation

Under multi-type degradation conditions, the thermal radiation from complex backgrounds and
degradation noise continuously contaminate target responses in feature space, yet the homogeneous
treatment of input features by the AIFI module prevents it from distinguishing the fundamental
spectral differences between foreground targets and background interference. To address this, the
Wavelet-guided Contrast Feature Aggregation module (WCFA) is proposed, as shown in Figure 6; it ex-
plicitly decomposes features into low-frequency background structure components and high-frequency
foreground edge components via HFDU, and achieves hierarchical decoupling of foreground saliency
enhancement and background thermal interference suppression through a dual-path contrastive at-
tention mechanism. Frequency-domain decomposition is implemented by HFDU. This component
applies a fixed orthogonal Haar filter bank to the input features, projecting the spatial response of
each channel onto four complementary frequency subbands; the sum of the three high-frequency
subbands constitutes the foreground component Fy, and the low-frequency approximation constitutes
the background component By, with the decomposition expressed as:
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Fp= ) /X(u)-hd(x—u)du, B¢:/X(u)-h¢(x—u)du (10)
de{H,V,D}

where Ky is the low-frequency approximation filter kernel; {ip, hy, hp} correspond to the horizon-
tal, vertical, and diagonal high-frequency filter kernels, respectively; and the four together constitute
a complete orthogonal Haar wavelet basis. The filter kernel weights remain fixed throughout the
optimization process, preserving the physical interpretability of the frequency-domain decomposition
without introducing additional learnable parameters. The low-frequency component By encodes
the spatially smooth distribution of background thermal radiation in the infrared image, while the
high-frequency component F; concentrates the directional edge responses highly correlated with
target contours, jointly providing semantically explicit frequency-domain priors for the subsequent

contrastive attention.

Q Element-wise multiplication

3x3 CBR

"H ™ HFDU

HFDU

WCFA

Figure 6. WCFA structure and HFDU detailed structure, illustrating the foreground-background decoupling flow
of Haar frequency decomposition and the nested dual-path causal contrastive attention mechanism.

WCFA adopts a nested dual-path attention structure in which background attention is applied
only after foreground refinement is complete, thereby establishing a deterministic causal dependency
between the two paths. The overall output of this hierarchical contrastive aggregation is expressed as:

N, " N, 0 0 (i)
= ! . . AN ] / /
Zout = Pout 12:1 /() Abg(B‘P’ X) LE ‘ /Q ‘Afg (Flp,x ) - VU (x") dx dx (11)

where A%) (-) and Ak()lé() are the contrastive attention kernels generated by the j-th and i-th

attention heads based on the foreground and background components, respectively; V) (x') is the
value feature under the corresponding head; () denotes the feature spatial domain; and ®qy; is the
output convolutional refinement operator. The nested integral structure mathematically establishes the
causal precedence constraint of foreground enhancement over background suppression, ensuring that
the feature transforms of the two contrastive paths are completed sequentially along a deterministic
causal chain.

WCFA embeds frequency-domain-aware hierarchical contrastive attention into the encoder stage
of the detector, forming a structural coupling between foreground target edge response enhancement
and background thermal radiation interference suppression, equipping the model with the struc-
tural capacity to maintain stable target feature representations under complex degradation imaging
conditions.
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4. Experiments
4.1. Datasets

MB3ED [48] is a large-scale multi-scene benchmark dataset for infrared-visible fusion object
detection tasks. The dataset contains 4,200 pairs of infrared and visible images subjected to rigorous
spatiotemporal alignment, covering complex road scenes including daytime, overcast, and nighttime
conditions, with annotation categories spanning six classes including people, cars, and buses, providing
bounding box annotations for a cumulative 33,603 object instances. The rich scene coverage of M3FD
across multiple illumination conditions and complex backgrounds makes it an important benchmark
for evaluating the cross-scene generalization capability of detection models; in this paper it serves as
the primary test set for cross-dataset generalization validation.

IndraEye [49] is an electro-optical-infrared bimodal dataset designed specifically for multi-sensor
aerial perception tasks from UAV perspectives. The dataset contains 5,612 images and 145,666 an-
notated instances, with data simultaneously covering both visible-light and infrared modalities,
supporting multi-modal learning and cross-modal domain adaptation research. Data collection spans
multiple observation angles, flight altitudes, background scenes, and time periods, covering multiple
sites across the Indian subcontinent, with 13 categories including persons, cars, buses, and tractors.
This dataset aims to advance the development of robust visual systems under challenging conditions
including low light. In this paper it serves as the secondary test set for cross-dataset generalization
validation.

4.2. Implementation Details and Training Configuration

All experiments were conducted on Ubuntu 22.04 with a software environment built on Python
3.11 and PyTorch 2.3.0, using a single NVIDIA GeForce RTX 3090 GPU (CUDA 12.1). During training,
the AdamW optimizer was adopted with an initial learning rate and weight decay coefficient both
set to 0.0001; each batch contains 8 samples, and the model was trained for a total of 300 epochs.
To ensure stability and reproducibility of experimental results, all runs used the same random seed,
and other hyperparameters follow the default configuration of RT-DETR. For inference efficiency
evaluation, frames per second (FPS) was adopted as the metric, also measured on the RTX 3090 GPU.
Input image resolution was uniformly resized to 640 x 640 pixels, with a batch size of 1. To ensure
fairness of comparison across methods, inference timing for all tested models excluded data loading
and post-processing stages.

4.3. Evaluation Metrics

To validate the effectiveness of the proposed SGW-DETR framework, several widely recognized
quantitative evaluation metrics in the field of object detection were selected. For detection accuracy,
Precision (P) and Recall (R) were adopted as basic evaluation indicators, where precision measures the
proportion of true positives among the model’s positive predictions, reflecting the detector’s ability
to suppress false alarms, and recall measures the proportion of actual target instances successfully
detected, capturing the detector’s performance in controlling missed detections. Building on these,
the mean Average Precision at an Intersection over Union (IoU) threshold of 0.5—denoted mAPs or
mAP@0.5—was adopted as the primary performance evaluation metric, providing comprehensive
assessment of localization accuracy and classification capability under relatively relaxed overlap
criteria. Additionally, to more stringently evaluate bounding box localization quality, the mean Average
Precision across IoU thresholds from 0.5 to 0.95 in steps of 0.05—denoted mAP5(.95 or mAP@0.5:0.95—
was also computed. For computational efficiency, giga floating-point operations (GFLOPs) and model
parameter count (Params) were adopted, measuring computational complexity and storage overhead
respectively, which are important references for evaluating practical deployment value on resource-
constrained remote sensing platforms. Drawing on these metrics, SGW-DETR's performance on car
and other target detection tasks in degraded remote sensing images was comprehensively evaluated
across both detection accuracy and computational efficiency dimensions.
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4.4. Ablation Study
4.4.1. FDSANet Ablation Study

FDSANet comprises three submodules—MSFPM, SCFD, and MSFGM—each serving a distinct
functional role in the frequency-domain perception chain. To clarify the independent contribution of
each component to final detection performance, an incremental ablation experiment was conducted on
the infrared dataset by introducing the three components sequentially, quantitatively analyzing each
module’s specific function under multi-degradation imaging conditions. The experimental results are
shown in Table 1.

Table 1. Incremental ablation results for FDSANet submodules.

1D MSFPM SCFD MSFGM P R mAP50 mAP50_95
1.base 81.0 66.4 71.7 39.9
2 v 81.6 65.8 72.1 40.1
3 v v 81.2 66.9 72.3 40.0
4.ours v v v 82.4 67.2 72.5 40.3

Examining the progressive changes across rows in Table 1, the three submodules exhibit distinct
gain characteristics on different evaluation metrics. When MSFPM is introduced alone, mAP5p im-
proves by 0.4% over the baseline, establishing initial multi-scale frequency-domain perception capacity.
After adding SCFD, recall further improves by 1.1%, with differentiated frequency-domain modeling
of active channels effectively enhancing coverage of target edge responses. After MSFGM is fully
incorporated, precision improves by 1.2%, and mAPs; and mAPs5¢.95 improve by 0.8% and 0.4% over
the baseline, respectively; selective frequency-band gain constraints reinforce target semantic features
while suppressing degradation noise spectral components, and the three-module combination drives
simultaneous improvement in precision and recall.

4.4.2. ASFM Ablation Study

The core design of ASFM lies in the combination of cross-branch attention and cross-branch
normalization; whether this combination outperforms other fusion strategies still requires experimen-
tal confirmation. With all other modules held constant, a systematic comparative experiment was
conducted across five fusion strategies: simple concatenation, element-wise summation, SE channel
attention, softmax weighted summation, and ASFM. The results are shown in Table 2.

Table 2. Comparative results for different feature fusion strategies in ASFM.

Attention ~ CTOSS
Fusion Strategy Branch P R mAPs5, mAP5q.95
Type
Norm
Concatenation None — 80.8 66.1 71.5 39.5
Element-wise sum None — 81.2 65.4 71.2 39.3
SE channel Channel — 81.5 67.4 72.3 39.8
attention
Softmax weighted Cross- — 81.3 66.5 71.9 40.0
branch
sum
ASFM (Ours) Cross- v 81.8 69.1 73.6 414
branch

Comparing the quantitative metrics across fusion strategies, the absence of inter-branch interac-
tion capacity proves to be the root cause limiting the performance ceiling of simple fusion methods:
simple concatenation and element-wise summation achieve mAPs5( values of only 71.5% and 71.2%,
respectively. SE channel attention operates only within individual branches and cannot suppress
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corrupted features across branches, resulting in limited mAPsy improvement. Softmax weighting
introduces cross-branch interaction but lacks normalization constraints, making noise contamination
difficult to eliminate. ASFM, which simultaneously incorporates cross-branch attention and normaliza-
tion mechanisms, improves recall by 3.0% over the simple concatenation baseline, with mAPsj and
mAPs5p.95 improving by 2.1% and 1.9% respectively, validating the complementary gains of the two
synergistic design elements under complex degradation scenarios.

4.4.3. Overall Ablation Study of the Three Innovative Modules

Using RT-DETR-R18 as the baseline, eight ablation configurations spanning single-module, dual-
module, and full three-module combinations were designed, with GFLOPs and parameter count
simultaneously recorded for each configuration, to comprehensively evaluate the independent contri-
butions and synergistic effects of each module along both computational cost and detection accuracy
dimensions. The experimental results are shown in Table 3 and Figure 7.

Table 3. Overall ablation results for FDSANet, GSFN, and WCFA.

ID FDSANet GSFN WCFA GFLOPs Params/M P R mAP5; mAP5q.95
1.base 57.0 19.87 81.0 66.4 71.7 39.9
2 v 43.8 13.21 82.4 67.2 72.5 40.3
3 v 61.2 21.92 81.8 69.1 73.6 414
4 v 59.3 22.71 82.6 67.8 72.9 40.7
5 v v 45.1 14.95 83.2 69.8 74.3 419
6 v v 46.1 16.03 82.9 68.5 73.7 41.2
7 v v 63.5 24.75 82.3 70.4 74.8 42.3
8.ours v v v 47.4 17.91 83.7 71.1 75.2 42.8
Overall Ablation Study of FDSANet, GSFN and WCFA Modules on Our Dataset
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Figure 7. Visualization of the overall ablation study for FDSANet, GSEN, and WCFA. Bar charts (left axis) show
the four accuracy metrics; line graphs (right axis) simultaneously present changes in GFLOPs and Params. The
proposed method achieves optimal accuracy at lower computational cost.

Examining Table 3 row by row, the three modules contribute in different directions of accuracy,
and dual-module combinations universally exhibit nonlinear synergistic gains. When FDSANet is
introduced alone, it reduces GFLOPs by 23.2% and parameter count by 33.5% while improving mAPs
by 0.8%: its frequency-domain dynamic modulation mechanism replaces static convolution responses
with dynamic weights, allowing the backbone to maintain stable discriminative feature structures
across multi-type degradation distributions, thereby preserving feature discriminability at substantially
reduced computational cost. When GSEN is introduced alone, recall improves by 2.7% and mAPsg
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by 1.9%: the explicit modeling of spatial dependencies by graph-structure relational edges breaks the
isolated treatment of local target regions by conventional concatenation fusion, effectively mitigating
missed detections in multi-degradation scenarios. WCFA, by decomposing features into foreground
edge components and background thermal radiation components via fixed orthogonal Haar filters and
then achieving hierarchical decoupling through nested dual-path contrastive attention, contributes
a 1.6% improvement in precision, with particularly prominent effectiveness in suppressing complex
thermal-radiation background interference.

Dual-module combination results further reveal intrinsic complementarity among modules; the
FDSANet-plus-GSFN combination achieves additional mAP5( gains beyond the sum of the individual
gains of each module, indicating a mutually reinforcing synergistic mechanism between frequency-
domain robust backbone features and graph-structure fusion representations. The final three-module
configuration, SGW-DETR, reduces GFLOPs by 16.8% and parameters by 9.9% while improving mAPs,
and mAPs5(.95 over the baseline by 3.5% and 2.9%, respectively, with precision and recall improving
by 2.7% and 4.7%, comprehensively demonstrating the integrated advantages of the three innovative
modules working in concert.

To validate the effectiveness of the SGW-DETR framework under multi-type composite degra-
dation and to reveal the improvements each module makes to attention distributions, an attention
heatmap visualization comparison experiment was designed, selecting six typical composite degrada-
tion detection scenarios; the results are shown in Figure 8. The first column shows clean images, the sec-
ond column shows degraded images, and the remaining columns correspond to the attention heatmaps
of four ablation configurations—RT-DETR-R18 (Base), +A, +A+B, and +A+B+C—respectively. The six
degradation scenarios cover: person detection on a playground under mild blur (row a), car detection
on a highway under moderate blur (row b), car and truck detection under mild blur combined with
mild electromagnetic interference (row c), complex campus car detection under mild blur combined
with moderate strong light (row d), urban overpass truck detection under moderate blur combined
with moderate rain (row e), and urban person detection under moderate blur combined with moder-
ate snow (row f). The baseline model exhibits consistent deficiencies across all scenarios, including
scattered attention energy, insufficient target activation intensity, and reduced foreground-background
separability.

With the progressive introduction of FDSANet (+A), GSFN (+A+B), and WCFA (+A+B+C), the
attention heatmaps show systematic improvement. After introducing FDSANet (+A), DKSM'’s instance-
level dynamic kernel spectral modulation equips the backbone with adaptive response to frequency-
domain distribution drift, with attention converging significantly toward target regions; SCFD’s
differentiated frequency-domain modeling of high- and low-semantic channels effectively preserves
discriminative edge responses under degradation conditions. After stacking GSFN (+A+B), GSPM’s
soft membership graph construction and two-stage message passing explicitly model the spatial
topological dependencies between target components, with component-level activation responses
trending toward completeness; ASFM dynamically suppresses interfered feature branches, eliminating
semantic inconsistencies in cross-scale fusion. The complete model +A+B+C decomposes features
into high-frequency foreground edges and low-frequency background thermal radiation components
via WCFA’s HFDU and accomplishes foreground saliency enhancement and background thermal
interference suppression through nested dual-path causal contrastive attention, achieving the highest
target activation intensity, most precise spatial localization, and lowest background misactivation
across all six degradation scenarios. Overall, the stepwise introduction of the three modules drives a
systematic evolution of SGW-DETR’s attention heatmaps from scattered interference to precise focus,
fully validating the effectiveness and practical deployment value of the synergistic improvement in
target perception capability by FDSANet, GSFN, and WCFA under multi-type composite degradation
conditions.
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Figure 8. Attention heatmap visualization comparison between SGW-DETR and RT-DETR. (a) Heatmap visualiza-
tion under mild blur degradation. (b) Heatmap visualization under moderate blur degradation. (c¢) Heatmap
visualization under mild blur combined with mild electromagnetic interference. (d) Heatmap visualization under
mild blur combined with moderate strong-light degradation. (e) Heatmap visualization under moderate blur
combined with moderate rain degradation. (f) Heatmap visualization under moderate blur combined with
moderate snow degradation.

4.5. Comparative Experiments
4.5.1. Backbone Comparison

The design intent of FDSANet is to achieve more robust feature extraction from degraded infrared
images at lower computational cost, and its competitiveness must be verified in lateral compar-
ison against similar backbone solutions. FAENet [50], MobileMamba [51], MambaOut [52], and
MobileNetV4 [53] were selected as comparison schemes, and lateral comparison experiments were
conducted under a unified evaluation configuration. The results are shown in Table 4.

Surveying the accuracy and efficiency data across all backbone schemes, the trade-off between
lightweight design and high accuracy manifests as a clear see-saw relationship in most methods:
MobileNetV4 and MobileMamba, despite compressing computational load, decrease mAPs by 1.1%
and 0.6% respectively relative to the baseline; FAENet and MambaOut achieve slight accuracy ad-
vantages over the baseline but exhibit increased GFLOPs and parameter count. FDSANet, while
reducing GFLOPs by 23.2% and parameter count by 33.5%, improves mAPs5y and mAP5.95 by 0.8%
and 0.4% respectively, achieving the best accuracy—efficiency balance among all comparison schemes,
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validating the practical effectiveness of the frequency-domain adaptive modulation design in infrared
degradation imaging scenarios.

Table 4. Lateral comparison results for different backbone networks.

Model GFLOPs Params/M P R mAPs5, mAPs5y.95
ResNet (base) 57.0 19.87 81.0 66.4 71.7 39.9
FAENet [50] 60.8 22.14 81.9 67.0 72.2 40.1
MobileMamba [51] 53.4 17.95 80.5 65.7 71.1 39.2
MambaOut [52] 50.4 17.88 82.1 67.1 72.3 40.2
MobileNetV4 [53] 41.6 12.75 79.4 64.9 70.6 38.7
FDSANet (Ours) 43.8 13.21 82.4 67.2 72.5 40.3

4.5.2. Neck Fusion Network Comparison

The neck fusion network directly determines the quality of multi-scale feature integration; whether
the graph-structure relationship modeling introduced by GSFN can stand out among mainstream
fusion methods requires thorough lateral comparison. HS-FPN [54], PST [55], NSFPN [56], FAAFusion
[57], and DPCF [58] were incorporated into the comparative experiment, with all methods tested
connected to the same backbone and decoder configuration. The results are shown in Table 5.

Table 5. Comparative results for different neck feature fusion networks.

Model GFLOPs Params/M P R mAPs5 mAP5p.95
CCEFF (base) 57.0 19.87 81.0 66.4 71.7 39.9
HS-FPN [54] 40.3 28.05 81.6 66.9 72.1 40.2
PST [55] 64.8 24.35 82.7 67.8 73.0 40.8
NSFPN [56] 52.1 17.54 80.4 65.7 71.2 394
FA AFusion [57] 59.2 20.18 82.2 67.3 72.7 40.5
DPCEF [58] 49.6 15.82 79.7 64.9 70.4 38.8
GSEN (Ours) 61.2 21.92 81.8 69.1 73.6 414

The comparison data show that existing fusion methods generally face a difficult trade-off between
lightweight design and high recall: lightweight schemes such as DPCEF, while compressing compu-
tational load, cause mAPs to drop by 1.3% below the baseline; PST achieves relatively high mAPs,
among comparison methods but its GFLOPs and parameter count are 3.6 and 2.43M higher than GSFN,
respectively. GSFEN improves recall by 2.7% over the baseline, with mAP5y and mAPs(.95 improving by
1.9% and 1.5% respectively; the graph-structure spatial topological dependency modeling provides
substantial gains in perception capability for occluded and small targets under multi-degradation
scenarios, achieving the best overall accuracy among all comparison schemes.

4.5.3. Comprehensive Comparison with Mainstream SOTA Models

Placing SGW-DETR within a broader detection method landscape is a necessary step in evaluating
its practical application value. A large-scale comparative experiment encompassing 16 mainstream
methods—including single-stage detectors, two-stage detectors, and DETR-series models—was con-
structed, with accuracy, computational load, and inference speed comprehensively measured for each
method under a unified dataset and evaluation protocol. The experimental results are shown in Table 6
and Figure 9.
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Table 6. Comprehensive performance comparison with mainstream SOTA detection models.
Model GFLOPs Params/M P R mAPs5; mAPs5y.95 FPS
One-Stage Object Detector
Gold-YOLO-S [59] 459 21.59 81.2 65.7 62.8 41.2 103.2
YOLOvV11-M [7] 67.7 20.03 81.6 64.1 64.1 42.2 112.7
YOLOvV13-M [60] 63.2 18.42 83.1 66.5 66.3 40.6 115.3
Two-Stage Object Detector
Faster R-CNN [61] 180.5 41.87 76.3 60.7 67.4 35.6 34.2
Cascade R-CNN [62] 227.7 69.14 779 623 68.8 37.1 31.6
DETR-Based Object Detector
RT-DETR-R34 91.5 31.09 822 68.1 71.3 41.8 71.2
RT-DETR-R50 135.6 42.26 82.8 69.2 73.4 41.6 60.1
RT-DETRv2-R18 [63] 60.2 19.94 81.7 674 70.8 41.2 74.6
RT-DETRv2-R50 [63] 135.5 42.32 833 69.8 74.1 42.1 31.4
LW-DETR-M [64] 43.2 18.39 81.8 67.5 72.4 40.3 101.5
D-FINE-M [65] 56.6 19.24 843 704 73.8 414 75.7
DEIM-L [66] 91.3 3091 858 729 73.8 419 49.7
RT-DETRv4-M [67] 56.8 19.20 850 714 74.3 41.1 759
DEIMv2-M [68] 50.1 17.66 859 726 73.8 40.3 89.7
RE-DETR-S [69] 61.9 32.02 846 712 72.1 42.1 68.6
RT-DETR-R18 (base) 57.0 19.87 81.0 66.4 71.7 39.9 78.1
SGW-DETR (Ours) 47.4 17.91 83.7 711 75.2 42.8 85.5

Radial mAPs5, Comparison Across 16 SOTA Detectors
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Figure 9. Radial mAP5; comparison with 16 mainstream SOTA detection models. Sector height represents mAPsy;
colors distinguish detector categories; the inner white dot represents FPS.
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Surveying all comparison results in Table 6, different categories of detectors exhibit markedly
different trade-off paths between accuracy and efficiency, and SGW-DETR demonstrates unique
comprehensive advantages within this spectrum. The traditional two-stage methods Faster R-CNN
and Cascade R-CNN, despite GFLOPs 133.1 and 180.3 higher than SGW-DETR respectively, still achieve
mAPs5, values 7.8% and 6.4% below SGW-DETR, indicating structural limitations of their static region
proposal mechanisms in infrared degradation scenarios where high computational cost fails to yield
accuracy advantages. Compared with the baseline RT-DETR-R18, SGW-DETR reduces GFLOPs by
16.8% and parameters by 9.9% while improving mAP5y and mAP5q.95 by 3.5% and 2.9%, respectively,
with FPS increasing from 78.1 to 85.5 for a 9.5% inference speed improvement; the dual boost in
lightweight design and accuracy jointly reflects the synergistic contributions of the frequency-domain
backbone replacement and graph-structure fusion.

Against RI-DETRv2-R18 of comparable scale, SGW-DETR improves mAP5y and mAP5o.95 by 4.4%
and 1.6%, making the structural design advantages even more pronounced under a similar parameter
budget. Compared with the recently strong-accuracy D-FINE-M, SGW-DETR reduces GFLOPs by
16.2% while improving both mAPs5y and mAP5y.95 by 1.4% and raising FPS by 13.0%, demonstrating
that the proposed method retains detection capability surpassing current strong baselines while
maintaining real-time inference performance. Notably, compared with RT-DETRv4-M and DEIMv2-M
with similar parameter counts, SGW-DETR’s mAP5, improves by 0.9% and 1.4% respectively, further
confirming that the comprehensive gains of the three innovative modules do not stem from parameter
scale advantages but rather from the structural discriminative capability formed by the synergy of
frequency-domain adaptive representations, graph-structure relationship modeling, and wavelet
contrastive attention. Among all participating comparison schemes, SGW-DETR achieves the best
mAPs5y and mAPs5(.95 at the lowest computational cost, fully demonstrating that the synergistic design
of the three innovative modules significantly strengthens detection capability in complex infrared
degradation scenarios while meeting real-time inference demands.

4.6. Cross-Dataset Generalization Validation

A detection model’s practical value is not only reflected in performance on benchmark datasets,
but more importantly in whether it can maintain stable detection capability across data distribution
gaps. SGW-DETR and the baseline RT-DETR-R18 were subjected to lateral comparison testing on
the two representative public infrared datasets M3FD and IndraEye under identical hyperparameter
configurations. The experimental results are shown in Table 7.

Table 7. Cross-dataset generalization validation results.

Dataset Model P R mAPs5 mAPs5q.95
MBFD (primary) RT-DETR-R18 0.861 0.819 0.853 0.571
p y SGW-DETR 0.875 0.831 0.865 0.580
IndraEye (secondary) RI-DETR-RIS 0.924 0.923 0.941 0.732
Y Y} SGW-DETR 0.932 0.937 0.955 0.741

The comparison results from both datasets converge on the same conclusion: the performance
gains of SGW-DETR are not the product of fitting to a specific data distribution, but stem from cross-
domain robust feature representation capability inherent to the model structure itself. On M3FD,
precision and recall improve over the baseline by 1.4% and 1.2%, respectively, with mAP5; and
mAPs50.95 improving by 1.2% and 0.9%; on IndraEye, which has greater scene diversity, recall improves
by 1.4%, mAPs5y and mAPs.95 improve by 1.4% and 0.9%, and precision likewise improves by 0.8%.
These results demonstrate that the dynamic modulation capability of the frequency-domain adaptive
backbone for degraded features, the spatial dependency modeling capability of the graph-structure
neck, and the foreground-background decoupling capability of the wavelet contrastive attention col-
lectively constitute a robust feature representation system with cross-domain generalization potential,
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and the model’s adaptability to infrared imaging degradation characteristics shows promising domain
generalization potential.

4.7. Visualization Results
4.7.1. Infrared Degradation Object Detection Visualization

To validate the detection performance of the proposed SGW-DETR framework on infrared targets
in complex degradation environments, systematic visual comparison experiments were conducted
across multiple typical scenarios. Specifically, YOLOv13-M, YOLOv11-M, and RT-DETR-R18 were
selected as mainstream comparison methods for intuitive effect comparison. SGW-DETR's performance
across different target categories and degradation types was comprehensively evaluated from the three
dimensions of detection box localization accuracy, missed detection rate, and false detection rate. The
relevant visualization results are shown in Figure 10.

As shown in Figure 10, SGW-DETR achieves substantially better detection performance than
YOLOvV13-M, YOLOv11-M, and RT-DETR-R18 across all six typical composite degradation scenarios—
person detection among small woodland targets under mild blur (row a), suburban car and truck
detection under moderate blur (row b), campus car detection under mild blur combined with moderate
fog (row c), highway detection under mild blur combined with moderate electromagnetic interference
(row d), urban intersection detection under moderate blur combined with moderate rain (row e),
and factory truck detection under moderate blur combined with moderate strong light (row f). The
comparison methods exhibit characteristic deficiencies across scenarios: row a shows missed detections
and false detections in all three methods; row b shows widespread bounding box localization drift
and insufficient component-level association awareness; row c shows large-scale misactivation on
low-contrast targets; row d shows significantly elevated missed detection rates due to periodic stripe
noise; row e shows that background rain streak interference aggravates missed detection and false
detection of occluded persons; and row f shows notably deteriorated truck localization precision in
brightness-saturated regions.

SGW-DETR achieves the best results across all these scenarios. FDSANet, through DKSM's
instance-level dynamic kernel spectral modulation and SCFD’s selective channel frequency-domain
decomposition, maintains stable extraction of discriminative edge features under the frequency-domain
distribution drift caused by heterogeneous degradation, effectively guaranteeing target detection rates
in rows a and c. GSEN, through GSPM’s soft membership graph construction and two-stage message
passing that explicitly models spatial topological dependencies between target components, improves
component-level missed detection in rows b and d, while ASFM’s cross-branch attention calibration
further improves bounding box localization accuracy in rows b and f. WCFA, by decomposing
features into high-frequency foreground edges and low-frequency background thermal radiation
components via HFDU and completing foreground enhancement and background suppression through
nested dual-path causal contrastive attention, effectively reduces background misactivation in the
composite rainy scene of row e, achieving more complete target coverage. The synergistic action of
the three modules allows SGW-DETR to comprehensively surpass comparison methods across all six
degradation scenarios with the highest localization accuracy, lowest missed detection rate, and lowest
false detection rate.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.0956.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2026 doi:10.20944/preprints202605.0956.v1

23 of 31

Clean image Degraded image YOLOV13m YOLOVIIm RT-DETR-R18 Ours

Figure 10. Qualitative detection result comparisons on the self-constructed multi-type degradation infrared
object dataset. (a) Degradation condition: mild blur. (b) Degradation condition: moderate blur. (c) Degradation
condition: mild blur combined with moderate fog. (d) Degradation condition: mild blur combined with moderate
electromagnetic interference. (e) Degradation condition: moderate blur combined with moderate rain. (f)
Degradation condition: moderate blur combined with moderate strong light.

Analysis of the failure cases in Figure 11 reveals that SGW-DETR still demonstrates certain advan-
tages over the comparison methods in five extreme degradation scenarios: severe-blur highway car
and truck detection (row a), mild-blur combined with severe-snow campus person detection (row b),
mild-blur combined with severe strong-light factory car and truck detection (row c), moderate-blur
combined with severe-fog urban person detection (row d), and moderate-blur combined with severe-
rain wooded-area car detection (row e). In row a, all comparison methods exhibit component-level
missed detections, while SGW-DETR maintains complete association between the target body and
front labels via GSPM graph topology modeling. In row b, all three comparison methods fail to detect
targets, whereas SGW-DETR achieves the only effective person detection by using DKSM dynamic
kernel spectral modulation to adaptively compensate for frequency-domain energy shifts caused
by snow degradation. In row ¢, SGW-DETR effectively detects some cars by explicitly decoupling
high-frequency foreground edges from low-frequency background saturation regions through WCFA's
nested dual-path causal contrastive attention. In row d, SGW-DETR maintains basic perception
of extremely low-contrast targets by dynamically suppressing fog-contaminated feature branches
via ASFM'’s cross-branch attention normalization mechanism. In row e, SCFD’s selective channel
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frequency-domain decomposition partially restores car contour responses under rain streak occlusion.
Nevertheless, SGW-DETR still exhibits clear limitations under these extreme degradation scenarios:
multi-target recall under severe blur leaves considerable room for improvement; severe snow coverage
causes significant declines in detection accuracy and recall; and detection performance under severe
strong light, severe fog, and severe rain combined with blur all have substantial room for improve-
ment. Improving detection robustness under extreme imaging conditions, ensuring completeness
of component-level recognition, and increasing target recall rate are the core directions that future
research must break through.

Clean image Degraded image YOLOV13m
- T .

S|

YOLOVI1Im RT-DETR-R18 Ours

ﬁh ‘ﬁ&
: (- 5

Figure 11. Failure case analysis. (a) Degradation condition: severe blur. (b) Degradation condition: mild
blur combined with severe snow. (c) Degradation condition: mild blur combined with severe strong light. (d)
Degradation condition: moderate blur combined with severe fog. (e) Degradation condition: moderate blur
combined with severe rain.

4.7.2. M3FD Dataset Visualization Analysis

To validate the cross-domain generalization capability of SGW-DETR in heterogeneous infrared
traffic scenarios, three typical scenarios were selected on the M3FD dataset—multi-lane multi-scale
highway vehicle detection (first column), low-illumination urban road small-target detection (second
column), and dense-occlusion urban building area detection (third column)—and compared visually
with RT-DETR-R18, as shown in Figure 12. In the highway scenario, near-distance large-target trucks
and far-distance small-target cars coexist; RT-DETR-R18 exhibits insufficient perception of small-
scale targets, with missed detections and misclassification of trucks as cars. SGW-DETR, relying
on MSFGM’s multi-scale frequency-band gain constraints and GSPM’s graph topology modeling,
explicitly captures the spatial structural associations of targets at different scales in multi-lane scenes,
with localization accuracy and target coverage both significantly superior to the baseline. In the
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low-illumination urban road scenario, extremely weak illumination causes far-distance small-target
thermal radiation responses to nearly disappear into background noise; RT-DETR-R18 fails to detect
distant occluded vehicles. SGW-DETR, by decomposing features into high-frequency foreground and
low-frequency background components via WCFA’s HFDU and performing foreground enhancement
and background noise suppression through nested dual-path causal contrastive attention, successfully
detects all vehicle targets completely. In the dense-occlusion urban scenario, RI-DETR-R18 experiences
people missed detection due to highly aliased target boundary features; SGW-DETR, relying on
ASFM'’s cross-branch attention calibration and GSPM topology modeling, effectively distinguishes
the discriminative edge responses of each occluded instance, achieving complete detection of car and
person targets. These results demonstrate that the synergistic action of FDSANet, GSFN, and WCFA
endows SGW-DETR with robust detection capability in heterogeneous scenarios including multi-
scale, low-illumination, and dense-occlusion conditions, qualitatively supporting the quantitative
conclusions of cross-dataset generalization performance.

Original

RT-DETR-R18

Ours

Figure 12. Visualization comparison of RI-DETR-R18 and SGW-DETR on the M3FD dataset.

4.7.3. IndraEye Dataset Visualization Analysis

To validate the generalization capability and detection performance of the proposed SGW-DETR
framework on targets from heterogeneous UAV aerial perspectives, systematic visualization compari-
son experiments were conducted on the IndraEye dataset. The experiments selected typical scenarios
including multi-category multi-scale targets on urban roads, multi-type occluded targets in complex
road environments, and motion-blurred targets on urban roads, providing comprehensive evaluation
of SGW-DETR’s accuracy and robustness in detecting targets such as cars, motorcycles, and persons
through systematic comparison with the baseline RT-DETR-R18 from both quantitative and qualitative
dimensions. The visualization results are shown in Figure 13.

As shown in Figure 13, SGW-DETR demonstrates detection performance superior to the baseline
RT-DETR-R18 across multiple typical complex UAV aerial scenes on the IndraEye dataset. In the multi-
category multi-scale target scenario (first column), SGW-DETR achieves precise complete detection
of highly discriminative target regions across scales by leveraging FDSANet’s frequency-domain
adaptive spectral modulation mechanism and DKSM’s dynamic kernel spectral modulation, accurately
recognizing cars, motorcycles, and persons at different scales; RT-DETR-R18, constrained by static
spatial convolution kernels that cannot respond to spectral distribution shifts induced by heterogeneous
imaging conditions, misclassifies cars as motorcycles at small scales. In the complex road environment
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multi-type occlusion target scenario (second column), SGW-DETR leverages GSPM’s graph-structure
modeling and ASFM’s adaptive semantic fusion to explicitly model spatial dependencies between
occluded target components, significantly outperforming RT-DETR-R18 in both detection completeness
and confidence of densely occluded targets, effectively suppressing missed detections caused by weak
activation signals being masked by adjacent target interference. In the urban road motion blur target
scenario (third column), SGW-DETR, through HFDU’s Haar frequency-domain decomposition and
WCFA's nested dual-path causal contrastive attention mechanism, effectively maintains the separability
of foreground edge activation and background thermal radiation components at the feature level under
motion blur conditions, outperforming RT-DETR-R18 in both target recall rate and category confidence
dimensions. These visualization results comprehensively validate SGW-DETR’s technical advantages
across multiple scenarios and degradation types in cross-domain generalization applications from
a qualitative perspective, demonstrating that the three core innovative modules FDSANet, GSFN,
and WCFA possess good collaborative adaptive capability in out-of-domain complex UAV infrared
perception tasks.

Original

RT-DETR-R18

Ours

5. Conclusions

This paper presents SGW-DETR, a robust detection framework for infrared object recognition in
UAV remote sensing images under multi-type composite degradation conditions, introducing three
synergistically innovative modules at the backbone, neck, and encoder levels respectively. FDSANet
enhances adaptive multi-scale spectral feature extraction capability through the residual frequency-
domain spectral modulation of MSFPM, semantics-aware differentiated frequency-domain modeling
of SCFD, and instance-level dynamic kernel spectral modulation of DKSM, effectively resolving the
systematic degradation of feature representations caused by static convolution weights under com-
posite degradation distributions including blur, rain, snow, fog, strong light, and electromagnetic
interference. GSEN constructs a graph-structured feature pyramid with adaptive semantic fusion,
explicitly modeling the spatial topological dependencies between object components through soft
membership graph construction and two-stage message passing, significantly improving recall capa-
bility for occluded and thermally blurred targets. The WCFA encoder module effectively decouples
foreground target responses from background thermal radiation clutter through the synergistic de-
sign of Haar frequency-domain decomposition and nested dual-path causal contrastive attention,
suppressing background thermal interference while preserving foreground edge semantics. On the
self-constructed UAV infrared multi-type degradation dataset, SGW-DETR achieves 75.2% mAPs5,
comprehensively surpassing the RT-DETR baseline and other mainstream methods while reducing
computational cost and parameter count by 16.8% and 9.9%, respectively, at an inference speed of
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85.5 FPS. Sustained performance improvements on M3FD and IndraEye datasets further demonstrate
the proposed framework’s strong cross-domain generalization capability.

However, the current framework still exhibits clear limitations under extreme degradation condi-
tions such as severe snow coverage, severe strong-light saturation, and extreme dense fog, particularly
in terms of component-level recognition completeness and target recall rate in multi-target scenarios.
Future work will focus on the following directions: exploring self-supervised or few-shot learn-
ing paradigms to reduce dependence on annotated degradation data; investigating physics-driven
degradation generation models to further enhance training data diversity; and further studying the
deployability of the proposed algorithm on resource-constrained UAV platforms.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle

SGW-DETR  Spectral-Guided Graph-structured Wavelet Detection Transformer
RT-DETR Real-Time Detection Transformer

FDSANet Frequency Domain Spectral Awareness Network

MSFPM Multi-Scale Frequency Perception Module
RFSM Residual Frequency Spectral Module

SCFD Selective Channel Frequency Decomposition
DKSM Dynamic Kernel Spectral Modulation

MSFGM Multi-Scale Frequency Gain Module

GSEN Graph-Structured Fusion Network

ASFM Adaptive Semantic Fusion Module

GSPM Graph Structure Perception Module

GSPC Graph Structure Propagation Convolution
NAPA Node-Aggregation Path Accumulator

WCFA Wavelet-guided Contrast Feature Aggregation
HFDU Haar-based Frequency Decomposition Unit
AIFI Attention-based Intra-scale Feature Interaction
CCFF Cross-scale CNN Feature Fusion

GCN Graph Convolutional Network

GAT Graph Attention Network

DGCNN Dynamic Graph Convolutional Neural Network
FFC Fast Fourier Convolution

HWD Haar Wavelet-based Downsampling

mAP Mean Average Precision
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IoU Intersection over Union

FPS Frames per Second

GFLOPs Giga Floating-Point Operations
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