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Highlights

What are the main findings?
• RShDet is a novel frequency-domain adaptive framework for haze-degraded remote

sensing object detection that unifies image enhancement and object detection within a
spectral-aware learning paradigm. By dynamically modeling object-relevant spectral
characteristics and enabling adaptive cross-task interaction, the framework improves
detection robustness and reliability under severe haze degradation.

• RShDet establishes a new state of the art in haze-degraded remote sensing object detec-
tion, enabling significantly more reliable object localization under severe atmospheric
degradation. These gains are consistently validated across both synthetic and real-
world hazy benchmarks, including a +2.16% mAP50 improvement over DHCNet on
Hazy-DOTA.

What are the implications of the main findings?
• The findings demonstrate that frequency-domain joint optimization is a highly effective

paradigm for haze-robust remote sensing object detection. By enabling adaptive spectral-
aware learning and facilitating deeper integration between enhancement and detection
processes, this approach provides a principled solution for mitigating atmospheric
degradation and improving detection reliability under adverse visual conditions.

• The proposed Hazy-DOTA dataset, together with the frequency-aware enhancement and
cross-task integration framework, establishes a reproducible benchmark and method-
ological foundation for future research on haze-robust object detection across diverse
remote sensing platforms, including satellite and UAV systems.

Abstract

Remote sensing (RS) object detection faces intrinsic challenges arising from the overhead
imaging paradigm and the diversity of climatic conditions. In particular, atmospheric phe-
nomena such as clouds and haze cause severe visual degradation, making reliable object
detection difficult. However, most existing detectors are developed under clear-weather
conditions, which limits their generalization capability in realistic haze-degraded RS scenar-
ios. To alleviate this issue, an adaptive spectral-aware network for RS object detection under
haze interference is proposed, termed RShDet, which is designed to handle both high-
altitude RS imagery and low-altitude Unmanned Aerial Vehicle (UAV) scenarios. Firstly, the
Object-Centered Dynamic Enhancement (OCDE) module dynamically adjusts the spatial
positions of key-value pairs through query-agnostic offsets, enabling the network to em-
phasize object-relevant regions while suppressing haze-induced background interference.
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Secondly, the Dynamic Multi-Spectral Perception and Filtering (DSPF) module introduces
a multi-spectral attention mechanism that adaptively selects informative frequency com-
ponents, thereby enhancing discriminative feature representations in hazy environments.
Thirdly, the Frequency-Domain Multi-Feature Fusion (FDMF) module employs learnable
weights to complementarily integrate amplitude and phase information in the frequency
domain, enabling effective cross-task feature interaction between the enhancement and
detection branches. Extensive experiments demonstrate that RShDet consistently achieves
superior detection performance under hazy conditions across both synthetic and real-world
benchmarks. Specifically, it achieves improvements of 2.4% mAP50 on Hazy-DOTA, 1.9%
mAP on HazyDet, and 2.33% mAP on the real-world foggy dataset RTTS, surpassing
existing state-of-the-art methods.

Keywords: remote sensing; object detection; multi-spectral attention; dynamic multi-
spectral perception and filtering; haze robustness

1. Introduction
Haze-degraded remote sensing (RS) object detection refers to the task of automatically

identifying and localizing objects of interest from aerial or satellite imagery affected by
atmospheric haze or fog [1,2]. Unlike clear-weather RS object detection, this task must
address the additional challenge of visibility degradation caused by atmospheric scattering.
Although recent advances have significantly improved detection performance on clear RS
imagery [3–5], their effectiveness is substantially reduced when applied to haze-degraded
scenarios. This is because haze interference reduces image contrast and obscures structural
details, making object features less distinguishable from complex backgrounds. Further-
more, RS imagery often contains small objects and large-scale scenes, small targets occupy
few pixels and often have subtle edges easily masked by haze, which further amplifies the
negative impact of haze degradation. In particular, small targets usually occupy only a
few pixels and exhibit weak edge and texture cues, making them especially vulnerable to
haze interference. Consequently, haze-degraded RS object detection remains a critical yet
challenging problem in practical RS applications.

Notably, in natural scenes, extensive efforts have been devoted to improving the
performance of object detection under degraded imaging conditions. Image adaptation
methods restore image features according to degradation-related information, thereby ben-
efiting subsequent object detection. More recent works [6–9] introduce differentiable image
filters strategies that adaptively refine degraded features, leading to improved detection ro-
bustness. Domain adaptation methods [10,11] address degradation by reducing the domain
discrepancy between clear images and degraded images, enabling the detector to learn
domain-invariant feature representations. These methods address domain bias, facilitating
the generalization of networks across different visual conditions. In addition, multi-task
learning methods [12,13] jointly optimize image restoration and object detection within a
unified framework, where shared feature representations facilitate mutual enhancement
between restoration and detection tasks.

Despite the progress achieved in natural scene object detection under adverse weather
conditions, research on haze-degraded object detection in the RS domain remains rela-
tively limited. For example, DHC-Net [2] combines an adaptive dehazing module with
centroid-guided contrastive learning to resolve the issues of low-quality images under
haze conditions and class imbalance in RS datasets. By combining affine Lie group–driven
dynamic convolution and weather-adaptive feature enhancement, ALGC-WFEMNet [14]
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delivers robust and efficient road condition detection under rain, fog, and snow conditions.
NIRNet [1] leverages noise perception and dual-path incentive calibration to mitigate
cloud-induced feature ambiguity and improve detection robustness in RS imagery. While
these methods achieve effective results, several significant challenges remain unaddressed.
First, existing models often exhibit a pronounced frequency bias, primarily concentrating
on low-frequency components or a restricted range of frequency bands. This limitation
leads to the underutilization of vital high-frequency details, which are indispensable for
delineating fine structures and object boundaries in RS imagery. Consequently, the lack
of frequency-adaptive flexibility hinders the robustness of these models against complex
hazy degradations. Furthermore, current frameworks frequently overlook the synergistic
interaction between image enhancement and object detection in the frequency domain,
thereby failing to fully exploit complementary cues under severe haze interference.

To address these limitations, we propose an adaptive spectral aware network for RS
object detection under haze interference, termed RShDet, which integrates image enhance-
ment with object detection in the frequency domain to improve detection performance
under hazy conditions. During the extraction of informative frequency components, com-
plex backgrounds in degraded images may interfere with the discriminability of foreground
objects. To mitigate the negative impact caused by irrelevant backgrounds and ensure that
the model focuses on object-relevant features, we develop an Object-Centered Dynamic
Enhancement (OCDE) Module. Specifically, by dynamically adjusting sampling positions
through learned offsets, OCDE focuses on important regions and effectively captures more
informative features.

From the perspective of feature learning, we further analyze hazy images in the fre-
quency domain to recover critical visual details that are often suppressed under haze condi-
tions. Since images consist of diverse frequency components, both low- and high-frequency
signals carry valuable information. However, CNNs are inherently more sensitive to low-
frequency components, which leads to insufficient exploitation of high-frequency details.
To compensate for this imbalance in feature learning, we design a Dynamic Multi-Spectral
Perception and Filtering (DSPF) Module that selectively emphasizes informative frequency
components, thereby improving feature representation in hazy environments. Specifically,
the DSPF captures all frequency components generated by the Discrete Cosine Transform
(DCT). The DCT coefficients of the same frequency are mapped to one channel, and each fre-
quency selection switch is stacked on a specific frequency channel to choose the frequency
components that flow into the model. Furthermore, we introduce a Frequency-Domain
Multi-Feature Fusion (FDMF) module, which utilizes learnable weights to complementarily
fuse amplitude and phase representations in the frequency domain, enabling effective
cross-task feature interaction between the enhancement and detection branches.

In addition, to facilitate research on haze-degraded RS object detection, we construct
a haze-corrupted RS dataset named Hazy-DOTA, which is derived from the widely used
DOTA-v2.0 [15] benchmark by simulating realistic haze degradation with varying density
levels. DOTA-v2.0 serves as a comprehensive, large-scale dataset for object detection in
aerial images. Experimental results demonstrate that RShDet outperforms the baseline
methods by 7.1% mAP50 on Hazy-DOTA, 3.1% mAP on HazyDet, and 6.63% mAP on
RTTS. Compared with current state-of-the-art (SOTA) methods, it further achieves gains of
2.4% mAP50, 1.9% mAP, and 2.33% mAP on these datasets, respectively. As illustrated in
Figure 1, YOLOv8, a widely used baseline for RS object detection, struggles to accurately
detect objects in hazy images, which often leads to missed detections. By comparison, our
method achieves more accurate detection results under hazy conditions.
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(a) Hazy image (b) Baseline (c) Our

Figure 1. The proposed RShDet is an RS object detection model designed to handle hazy weather
conditions. From left to right: haze-corrupted images from our Hazy-DOTA dataset, results from
the baseline YOLOv8, and results from the proposed RShDet. The YOLOv8 detector has difficulty
recognizing small vehicles and ships in hazy images. By comparison, RShDet effectively addresses
these inaccuracies and achieves robust detection performance under haze degradation. Note: White
bounding boxes for planes, blue for small vehicles, green for tennis courts, and dark blue for ships.

In brief, our contributions are summarized as follows.

• An Adaptive Spectral Aware Network, termed RShDet, is proposed for both high-
altitude RS imagery and low-altitude UAV scenarios object detection under hazy
weather. Motivated by theoretical insights into frequency utilization, RShDet inte-
grates image restoration and object detection within a unified spectral-aware frame-
work, exploiting complementary amplitude and phase information to improve detec-
tion performance under haze degradation.

• A dynamic object- and frequency-aware enhancement framework is designed that
jointly improves feature quality and detection robustness. The first is OCDE module
that enables the model to focus on object-relevant regions while suppressing back-
ground interference, and DSPF module that identifies and suppresses trivial frequency
components based on DCT coefficients to mitigate haze-induced noise.

• We construct Hazy-DOTA, a new haze-degraded RS object detection dataset based
on DOTA with realistically simulated haze effects, providing a dedicated benchmark
for adverse weather evaluation. Extensive experiments on both synthetic and real-
world haze datasets demonstrate that RShDet consistently outperforms recent SOTA
methods, validating its effectiveness and generalization across diverse haze scenarios.

2. Related Works
2.1. Object Detection in Clear Weather

In the RS domain, Ren et al. [16] improved the Region Proposal Network (RPN) by
generating anchors with more diverse scales and aspect ratios, and enhanced the feature
extraction network to produce higher-resolution feature maps. Furthermore, they proposed
a context-aware detection model that incorporates surrounding environmental information,
significantly improving small object detection performance. Bai et al. [17] built upon
Faster R-CNN by adopting a Dense Residual Network (DRNet) as the backbone and
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introducing the ROI Align operation [18], achieving high-precision building detection
in RS imagery. To address the challenges posed by object orientation in aerial imagery,
Liu et al. [19] proposed RR-CNN, a rotated region-based CNN framework that accurately
extracts features from arbitrarily oriented regions and precisely localizes rotated objects.
Similarly, Zhang et al. [20] proposed the CFF-SDN ship detection network, which leverages
multi-layer convolutional feature fusion to improve high-precision horizontal bounding
box (HBB) ship detection. Han et al. [21] incorporated a capsule reasoning module into
DETR and improved multi-scale object detection performance through enhanced feature
aggregation. Li et al. [22] proposed a Strong Feature Extraction and Pre-screening Network
(SFEPN) based on Deformable DETR, effectively alleviating scale variation and small
object matching issues. In addition, Li et al. [23] developed a Transformer-based RS object
detection framework by redesigning the Transformer architecture to better capture global
spatial relationships and strengthen the interaction between feature embeddings and
object queries.

2.2. Object Detection in Hazy Weather

Object detection in hazy conditions has garnered significant attention in recent years
due to its critical importance in RS research. Recent efforts have focused on leveraging
adaptive enhancement methods to mitigate haze-induced degradation and strengthen de-
tection performance. Li et al. [6,7] introduced a differentiable image processing framework
designed to enhance images captured under challenging weather conditions, thereby facili-
tating object detection. Kalwar et al. [8] developed a gated differentiable image processing
module that improves detection performance by adaptively weighting multiple image
filters. Despite their effectiveness, both methods rely on image filters with fixed parameter
settings applied uniformly across pixels, which constrains their robustness when handling
spatially non-uniform degradation. To address this limitation, Xi et al. [9] proposed the
DEDet framework, which predicts pixel-level exposure parameter maps for individual
image filters and progressively refines degraded images through parameterized filtering. In
a different vein, Zhang et al. [24] introduced a chain-of-thought (CoT) prompted adaptive
enhancement strategy, where CoT prompts guide the model to adjust enhancement policies
according to the inferred degradation type, leading to improved detection robustness in
complex environments. Additionally, several studies [25–27] have incorporated Laplacian
pyramid representations into image enhancement by decomposing images into low- and
high-frequency components to separately address global degradation and fine-grained
details. Nevertheless, although these approaches achieve certain performance gains, they
generally neglect the feature-level interaction between restoration and detection, resulting
in limited overall improvement.

A growing body of literature has explored domain adaptation techniques to allevi-
ate the distribution discrepancy between the source and target domains [28–33]. Wang
et al. [31] proposed Robust-YOLO, which introduces an image calibration approach that
captures domain-invariant features through adversarial learning. Along a different line,
Pang et al. [32] proposed MCNet, where a magnitude corrector is employed to suppress
task-irrelevant components in the frequency domain. Despite their effectiveness, the perfor-
mance of these domain adaptation methods remains highly dependent on the diversity and
representativeness of the training data. Furthermore, most existing approaches primarily
focus on reducing domain discrepancies while overlooking how image degradation directly
affects feature extraction, which ultimately constrains their detection performance.

A further line of research integrates image enhancement and object detection within
a unified framework, which has been reported to improve robustness on degraded im-
agery [12,13,34–36]. Huang et al. [13] linked restoration and detection by sharing early
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convolutional representations, allowing the detector to directly benefit from the cleaner cues
produced by the restoration branch under challenging conditions. Cui et al. [34] proposed
MAET, which exploits degradation transformations to encourage the model to capture
intrinsic structural patterns that are useful for detection in adverse weather. Wang et al. [12]
introduced TogetherNet, where a dynamic transformer-based feature enhancement module
coordinates the two subtasks and strengthens recognition under severe degradation. Wang
et al. [37] further developed RDMNet by explicitly modeling degradation to steer both
restoration and detection, improving generalization across diverse weather types.

In RS imagery, scenes are usually large in scale and contain numerous small objects,
which makes object detection particularly challenging. Since these objects occupy only a
few pixels, their feature representations are often weak. This issue becomes more severe
under adverse weather conditions, where degradation factors such as haze and low con-
trast obscure object boundaries, suppress fine-grained details, and increase background
interference, thus making small target detection particularly difficult. Wang et al. [38]
developed MDD-ShipNet, which combines defogging enhancement based on multiple
filters with a weighted bidirectional feature pyramid network to improve robustness to
scale variation in hazy environments. Hu et al. [39] proposed HRAOD, a knowledge
distillation framework that facilitates knowledge transfer from clean to hazy domains by
leveraging gradient-guided feature imitation and degradation-weighted response distilla-
tion, thereby enabling the detector to learn degradation-resilient representations. Zhang
et al. [40] proposed Q-Norm, a quality-adaptive normalization method that leverages image
quality features to learn normalization parameters for implicit cross-domain feature align-
ment, while adaptively modulating the mean and variance through a quality assessment
model. Feng et al. [41] established HazyDet, the first large-scale benchmark for drone view
object detection under haze, and proposed DeCoDet, a depth conditioned detector that
dynamically modulates feature representations to overcome severe visual degradation.

In domain adaptation, Zhao et al. [42] proposed MRT, a masked retraining teacher-
student framework that integrates a masked autoencoder branch and a selective retraining
mechanism to improve target-domain feature learning while mitigating the detrimental
impact of low-quality pseudo labels. Chen et al. [43] proposed SF-TMAT, a statistically
feedback-driven threshold and mask adjustment teacher–student framework, which en-
hances robustness to scale variations and background clutter through a dynamic feedback-
based mask adjustment strategy for learning more robust domain-invariant feature repre-
sentations.

In the multi-task setting, Liu et al. [44] introduced DFENet, a dual-branch detection
model that leverages haze information to dynamically adjust feature weights, thereby
guiding the fusion of restoration and detection branches to suppress noise generated
during the dehazing process. Wan et al. [45] proposed MS-FODN, a multitask learning
framework that achieves parameter interaction through a shared encoder and utilizes a
multiscale attention fusion module to aggregate haze free features for robust detection
in RS.

Despite significant advancements in RS object detection, two critical challenges remain
unaddressed. First, many existing methods exhibit an over-reliance on low-frequency
signals, which inherently limits their ability to capture the fine-grained spectral details
essential for precise object localization and classification. Second, current frameworks often
lack a synergistic interaction between image enhancement and object detection within the
frequency domain, resulting in suboptimal feature integration. Consequently, a frequency-
aware multi-task framework that enables cross-task fusion while adaptively exploiting
multi-band spectral cues is needed. To this end, we propose RShDet, an RS object detector
tailored to address these limitations.
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3. Methodology
3.1. Overview

The overall architecture of RShDet is shown in Figure 2a. The proposed framework
adopts a dual-branch design, consisting of a detection branch and an enhancement branch.
In this framework, hazy images are fed into three distinct encoder networks to facilitate
feature interaction. A degradation representation encoder is first employed to extract
degradation cues from hazy images. The resulting degradation features are then leveraged
to guide both the enhancement and detection encoders.

Hazy Image
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Figure 2. The architecture of RShDet. (a) Overall architecture of RShDet, where image enhancement
and object detection are jointly optimized under hazy conditions; (b) Illustration of the proposed
object-centered dynamic enhancement module, which enable the model to flexibly concentrate
on important regions and extract richer features through offset sampling points; (c) Illustration
of the proposed dynamic multi-spectral perception and filtering module, which utilize DCT and
Learning-driven selection switches to compensate for the loss of high-frequency details. ⊕ denotes
the element-wise sum operation, and ⊗ denotes the element-wise multiplication operation.

As depicted in Figure 2b, the OCDE module is first applied in the spatial domain
to enhance object-relevant regions and suppress background interference through offset-
based sampling. This step provides more object-centered feature representation for the
subsequent frequency-domain analysis. As illustrated in Figure 2c, the DSPF module is
then employed to perform frequency-domain modeling on these refined spatial features, so
as to adaptively preserve informative spectral components while suppressing redundant
ones. The FDMF module further fuses the features from the enhancement and detection
branches in the amplitude and phase domains, so that degradation-aware appearance cues
and object-related structural information can be jointly exploited, thereby strengthening the
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network’s representation capability for low-quality images. Therefore, OCDE, DSPF, and
FDMF play complementary roles rather than overlapping ones. Finally, the fused features
are subsequently delivered to an enhancement decoder and an object detection regression,
which produce the restored images and the corresponding detection outputs, respectively.

During training, the entire network is optimized with a combination of multiple objec-
tives, including detection, enhancement, contrastive, and frequency-based regularization.
The total training loss is formulated as:

LTotal = λ1LDet + λ2LEn + λ3LFre + λ4LCtr, (1)

where LDet and LEn denote the object detection loss and the image enhancement loss,
LFre and LCtr are the proposed frequency regularization term and the contrastive loss.
Following previous works [37,46,47], we set the hyperparameters as λ1 = 0.2, λ2 = 0.8,
λ3 = 0.1, and λ4 = 0.1, respectively. Specifically, the detection and enhancement losses are
defined as:

LDet = γLIoU + LCls + LFocal (2)

LEn =
1
N

N

∑
i=1

∥∥Ŷi − Yi
∥∥

1 (3)

where LIoU and LCls denote the bounding box regression and classification losses, respec-
tively. LFocal is the focal loss [48], which mitigates the imbalance between positive and
negative samples in object detection. The weight γ is set to 5 based on empirical evaluation.
Here, Yi is the enhanced output image, Ŷi is the corresponding ground truth, and ∥ · ∥1

indicates the L1 norm.

3.2. Dynamic Multi-Spectral Perception and Filtering (DSPF) Module

The core of the designed DSPF is to extend conventional channel attention beyond
the lowest-frequency response captured by GAP. Specifically, we use the multi-spectral
attention mechanism based on the 2D discrete cosine transform (DCT) to capture compre-
hensive frequency information. Then, we leverage the learning-driven frequency filtering
block to adaptively select informative frequency components and suppress trivial or noisy
ones in a data-driven manner.

3.2.1. Image Frequency Utilization Analysis

To bolster the representational efficiency of Convolutional Neural Networks (CNNs),
channel attention is frequently integrated to assign non-uniform significance to varying
feature components via scalar weighting. In a conventional pipeline, GAP is employed as a
computationally lean spatial descriptor to aggregate global statistics into channel-specific
scalars, owing to its structural simplicity and minimal parameter overhead.

For an intermediate feature map X ∈ RC×H×W characterized by C channels and spatial
dimensions H × W, the computation of the attention weight vector Attorig is defined as:

Attorig = σ(Fc(GAP(X))), (4)

where Attorig ∈ RC represents the resulting channel-wise weight, and σ represents the
sigmoid nonlinearity which constrains the weights to a specific range. Here, Fc signifies a
transformation function—typically a fully connected layer—that captures inter-channel
dependencies. The GAP operator effectively reduces the global spatial context of each
individual channel into a single scalar value. Finally, the input feature map X is recalibrated
by scaling each channel with its corresponding attention weight:
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X̂i = AttiXi, where i ∈ {0, 1, . . . , C − 1}, (5)

where Xi ∈ RH×W and X̂i ∈ RH×W denote the i-th channel of the input and recalibrated
feature maps, respectively, and Atti is the corresponding channel attention weight.

Based on digital signal processing principles, the 2D Discrete Cosine Transform (DCT)
provides a spectral perspective to analyze feature map compression. The basis functions
for the 2D DCT are defined as:

Di,j
h,w = cos

(
πh
H

(
i +

1
2

))
cos
(

πw
W

(
j +

1
2

))
. (6)

The forward transformation, which maps an input feature map x2d ∈ RH×W into the
frequency spectrum f 2d ∈ RH×W , is formulated as:

f 2d
h,w =

H−1

∑
i=0

W−1

∑
j=0

x2d
i,j Di,j

h,w

where h ∈ {0, 1, . . . , H − 1}, w ∈ {0, 1, . . . , W − 1}. (7)

A key insight is revealed when h = 0 and w = 0. In this case, Equation (7) can be
simplified as follows:

f 2d
0,0 =

H−1

∑
i=0

W−1

∑
j=0

x2d
i,j cos

(
0
H

(
i +

1
2

))
cos
(

0
W

(
j +

1
2

))

=
H−1

∑
i=0

W−1

∑
j=0

x2d
i,j

= GAP
(

x2d
)

HW, (8)

where f 2d
0,0 represents the lowest frequency component of the 2D DCT. This derivation

implies that the DCT serves as a generalized weighted combination of features, with the
conventional GAP acting as a specific instance of this spectral representation. Consequently,
the two-dimensional inverse discrete cosine transform can be expanded as:

x2d
i,j =

H−1

∑
h=0

W−1

∑
w=0

f 2d
h,wDi,j

h,w

= f 2d
0,0Di,j

0,0 + f 2d
0,1Di,j

0,1 + · · ·+ f 2d
H−1,W−1Di,j

H−1,W−1

= GAP(x2d)HWDi,j
0,0 + f 2d

0,1 Di,j
0,1 + · · ·+ f 2d

H−1,W−1Di,j
H−1,W−1,

where i ∈ {0, 1, . . . , H − 1}, j ∈ {0, 1, . . . , W − 1}, (9)

where Di,j
0,0 is a constant. From Equation (9), it is evident that input image features are

composed of diverse frequency components. However, standard channel attention as
defined in Equation (4) relies exclusively on GAP, meaning the feature reconstruction x2d

effectively becomes:

x2d = GAP(x2d)HWDi,j
0,0︸ ︷︷ ︸

utilized

+ f 2d
0,1Di,j

0,1 ++ f 2d
H−1,W−1Di,j

H−1,W−1︸ ︷︷ ︸
discarded

. (10)

This theoretical decomposition highlights that GAP-based attention only retains the lowest
frequency information, while discarding mid- and high-frequency components that are
often critical for robust feature extraction.
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Even when multiple predefined frequency components are selected in some works [49,50],
the fixed nature of the selection set still poses significant limitations. Let Ifixed ⊆ {(h, w)}
denote the manually chosen set of frequency indices. The filtered reconstruction in such
cases is given by:

x2d
fixed = ∑

(h,w)∈Ifixed

f 2d
h,w · Di,j

h,w. (11)

Since Ifixed is handcrafted and invariant to image content or degradation type, informative
frequency components outside this set are irreversibly discarded. This static strategy lacks
flexibility and fails to adapt to complex hazy scenarios, limiting generalization and robustness.

From a spectral perspective, we uncover two intrinsic bottlenecks in current feature
representation paradigms: First, reliance on GAP can inadvertently suppress frequency cues
such as edges and textures. These components are indispensable for object discriminability,
particularly in imagery degraded by hazy weather. Second, fixed frequency selection
strategies are unable to adapt to varying image content and degradation conditions, which
limits flexibility and robustness in complex hazy scenarios. Motivated by these observations,
we introduce two corresponding improvements, detailed in the subsequent parts.

3.2.2. Multi-Spectral Attention Mechanism

To enrich the information captured by the model and strengthen feature representation,
we extend GAP to incorporate a broader range of 2D DCT frequency components, thereby
enabling more comprehensive multi-spectral feature modeling.

Given an input feature map X ∈ RC×H×W , we first divide it uniformly along the
channel dimension into n disjoint groups, denoted as [X0, X1, . . . , Xn−1], where each group
Xi ∈ RC′×H×W contains C′ = C/n channels. DSPF employs a learning-driven frequency
filtering block to adaptively select informative 2D DCT frequency components. The selected
frequency components are then assigned to different channel groups for subsequent spectral
compression. Let Isel = {(ui, vi)}n−1

i=0 denote the selected frequency index set, where each
selected frequency component is assigned to one channel group. Accordingly, for the i-th
group, the spectral descriptor is computed as:

Freqi = DCT(ui ,vi)(Xi)

=
H−1

∑
h=0

W−1

∑
w=0

x i
h,w Dui ,vi

h,w , (12)

where i ∈ {0, 1, . . . , n − 1}. (13)

where x i
h,w ∈ RC′

denotes the channel vector of the i-th group at spatial location (h, w),

(ui, vi) denotes the selected 2D frequency index assigned to Xi, and Freqi ∈ RC′
is the

corresponding C′-dimensional spectral descriptor. The multi-frequency representation
Freq ∈ RC is formed by concatenating:

Freq = Concat
([

Freq0, Freq1, . . . , Freqn−1
])

. (14)

Finally, the multi-spectral attention vector is computed as:

Attms = σ(Fc(Freq)), (15)

As a result, our approach generalizes the original GAP algorithm to multi-spectral compo-
nents, thereby significantly enhancing the feature representation. The overall workflow of
DSPF is illustrated in Figure 3.
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Figure 3. Detailed workflow of the DSPF module.

3.2.3. Learning-Driven Frequency Filtering Block

Feature representations in visual perception inherently span a wide range of frequency
components; however, their contributions to object detection are highly unbalanced. In
particular, certain frequency components may introduce redundant or noisy information,
which degrades detection robustness. To address this issue, we propose a Learning-driven
Frequency Filtering Block that explicitly evaluates the importance of different frequency
components and selectively preserves the informative ones. The core idea is to introduce
learnable binary switches that assign each frequency component a selection indicator, such
that useful frequencies are retained while less relevant ones are suppressed.

As depicted in Figure 2c, the complete DCT frequency tensor is first fed into a 1 × 1
convolutional layer that predicts two logits for each candidate frequency component,
corresponding to the retain and suppress states, respectively. These logits are normalized
through a softmax function to model binary selection probabilities. During training, we
adopt the Gumbel-Softmax approximation [51] to enable differentiable optimization of the
discrete frequency selection process. During inference, the soft approximation is replaced
by a hard binary decision: a frequency component is retained if the retain logit is larger
than the suppress logit; otherwise, it is discarded.

Formally, let f 2d
h,w denote the DCT coefficient at frequency index (h, w). During in-

ference, the learning-driven frequency filtering block is represented by a binary selection
function S, where

S( f 2d
h,w) =

1, zret
h,w > zsup

h,w ,

0, otherwise,
(16)

where zret
h,w and zsup

h,w denote the logits corresponding to the retain and suppress states,
respectively. The selected frequency index set can therefore be written as

Isel =
{
(h, w) | S( f 2d

h,w) = 1
}

. (17)

Only the selected frequency components in Isel are retained and subsequently assigned
to different channel groups for group-wise spectral compression. To encourage balanced
frequency usage and reduce undesirable preference toward particular bands, we impose
an additional regularizer LFre [46], defined as
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LFre = log

(
H−1

∑
h=0

W−1

∑
w=0

S( f 2d
h,w)

)
, (18)

where the logarithmic operation smooths the discrete selection responses, mitigating the
stepped distribution induced by binary switching and improving training stability.

3.3. Object-Centered Dynamic Enhancement (OCDE) Module

In the dynamic multi-spectral perception and filtering, the frequency components of
images can be extensively explored. However, background information in degraded images
is also extracted, which may interfere with object discrimination. Standard convolution
performs feature aggregation over fixed and content-invariant local neighborhoods, which
makes its sampling pattern insensitive to object structure and degradation distribution.
However, in foggy images, object boundaries are often blurred, local contrast is weakened,
and object responses are easily entangled with haze-contaminated background regions.
Under such conditions, fixed convolution tends to aggregate mixed foreground-background
responses, making it difficult to effectively suppress irrelevant background interference.

To overcome this limitation, OCDE adopts offset-based deformable sampling instead of
fixed local aggregation, as illustrated in Figure 2b. Different from standard convolution, the
sampling positions in OCDE are dynamically predicted from the input features, allowing
the module to shift its receptive field toward object-relevant regions and capture more
informative context. Such content-adaptive sampling is particularly beneficial in foggy
scenes, where discriminative object structures are often spatially ambiguous. Therefore, the
advantage of OCDE does not simply lie in enlarging the receptive field, but in enabling
object-centered feature extraction under degraded visual conditions.

The key aspect of the OCDE module is its ability to effectively model relationships
among tokens under the guidance of the important regions in the image feature. These
regions of interest are defined by several groups of offset sampling points, which are
generated from the queries via an offset generation block. Deformed features are derived by
sampling feature maps through bilinear interpolation, and these features are subsequently
input into key and value projections to produce the deformed keys and values. Following
this, multi-head attention is employed to align queries with the sampled keys and aggregate
information from the deformed values. Moreover, the locations of offset points contribute
to a more robust deformable position bias, improving the model’s learning capabilities.

Next, we elaborate on the structure of the proposed OCDE. As shown in Figure 2b,
Starting from X ∈ RH×W×C, OCDE first initializes a regular reference lattice p ∈ RHg×Wg×2.
Specifically, the lattice resolution is reduced from the original feature size by a factor r,
where Hg = H/r and Wg = W/r. The reference points are arranged on a regular 2D lattice
with coordinates (u, v), where u ∈ {0, 1, . . . , Wg − 1} and v ∈ {0, 1, . . . , Hg − 1}, and are
then normalized to the range [−1, 1] according to the grid size (Hg, Wg), where (−1,−1)
and (1, 1) correspond to the top-left and bottom-right corners, respectively. The query
tokens are produced via a linear mapping Q = XWQ, which are subsequently used to
predict the offsets for the reference points. These query tokens are then input into an offset
generation block θo f f set(·), which adaptively computes the offsets. To ensure stable training
and avoid excessively large displacements, the predicted offsets are bounded as

∆p = s tanh(θoffset(Q)), (19)

where s is a scaling factor controlling the maximum offset range. Since tanh(·) ∈ (−1, 1),
each offset value is constrained within [−s, s]. The final sampling locations are therefore
given by

https://doi.org/10.3390/rs18071020

https://doi.org/10.3390/rs18071020


Remote Sens. 2026, 18, 1020 13 of 30

p̂ = p + ∆p. (20)

Subsequently, features are sampled at the offset point locations, which serve as keys and
values, followed by further processing through projection matrices:

Q = XWQ, K̂ = X̂WK, V̂ = X̂WV , (21)

with X̂ = ϕ(X; p̂), (22)

where K̂ denotes the feature of deformed key, V̂ denotes the feature of deformed value.
WQ, WK, WV are the projection matrices, and ϕ(·; ·) is the sampling function implemented
through bilinear interpolation:

ϕ
(
Z;
(

px, py
))

= ∑
(rx ,ry)

G(px, rx)G
(

py, ry
)
Z
[
ry, rx, :

]
, (23)

where G(a, b) = max(0, 1 − |a − b|) and
(
rx, ry

)
indexes all the locations on Z ∈ RH×W×C.

Similar to common transformer-based methods, we apply multi-head attention to Q, K̂,
and V̂, incorporating relative displacements R. The result for a single attention head is
given by:

Z(m) = σ
(

Q(m)K̂(m)⊤/
√

d + ϕ(B̃; R)
)

V̂(m), (24)

where σ(·) represents the softmax function, and ϕ
(

B̃; R
)
∈ RHW×HgWg denotes the position

embedding. B̃ is the relative position bias table. d denotes the dimension of each head. The
features from all attention heads are concatenated and passed through a projection matrix
WO to produce the final output:

Z = Concat
(

Z(1), · · · , Z(M)
)

WO. (25)

Since each reference point corresponds to an S × S neighborhood (with S representing the
maximum offset), the offset generation block needs to perceive local features to produce
appropriate offsets. To achieve this, the offset generation block is designed using two con-
volution modules with a nonlinear activation. Initially, the input features are processed
through a 5× 5 depthwise convolution to extract local feature information. This is followed
by GELU activation and a 1 × 1 convolution to generate the 2D offsets.

The deformable position bias encodes relative positions between queries and keys,
thereby enhancing the model’s ability to capture spatial information. For a feature map of
the shape of H × W, its relative coordinate displacement range of [−H, H] for the height
dimension and [−W, W] for the width dimension. We maintain a learnable bias table
B̃ ∈ R(2H−1)(2W−1) [52]; however, the key positions in the OCDE are continuous and may
not perfectly align with the discrete positions in the bias table. To address this, the relative
coordinate displacements are normalized to the range [−1, 1]. The function ϕ

(
B̃; R

)
then

interpolates the value in the bias table B̃ according to the continuous relative displacements
R, ensuring that the model can handle all possible offset values.

In particular, we introduce the OCDE module in the final stage of the backbone
network to further enhance the extracted features. Since the keys and values in earlier
backbone stages have much larger spatial resolutions, applying deformable attention at
those stages would significantly increase the computational cost of dot-product attention
and bilinear interpolation. Therefore, to achieve a better trade-off between model capacity
and computational burden, we place the OCDE module only in the final stage of the
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backbone network. The proposed module enables global context aggregation over object-
relevant regions, thereby improving feature representation and the detection capability
of RShDet.

3.4. Frequency-Domain Multi-Feature Fusion (FDMF) Module

The Frequency-Domain Multi-Feature Fusion (FDMF) module aims to combine fea-
tures extracted from the enhancement encoder branches with those from the detection
encoder branches, thereby improving the model’s ability to represent objects in corrupted
images. As illustrated in Figure 2, the enhancement feature Fenh and the detection feature
Fdet undergo a transformation into the frequency domain during the fusion process. This
design is motivated by both signal processing theory and recent computer vision studies. In
Fourier analysis, the amplitude spectrum mainly characterizes the distribution of spectral
energy across frequencies, which is closely related to contrast, intensity statistics, and
degradation-related variations, whereas the phase spectrum preserves the spatial arrange-
ment of structures, such as edges, contours, and object layouts. Such complementary roles
have long been recognized in signal processing and have also been exploited in recent
vision works on degraded image understanding and restoration [53–56]. For example, WF-
Diff [55] and FrDiff [56] likewise exploit amplitude–phase properties for image restoration
and dehazing. Therefore, decomposing features into amplitude and phase components
provides a principled way to decouple and subsequently integrate appearance-related
degradation cues and structure-related object information.

F1 = F (Fdet), (26)

F2 = F (Fenh), (27)

where F (·) denotes the 2D FFT operation. This transformation decomposes the features
into their respective real and imaginary components, from which the amplitude spectrum
|Fi| and phase spectrum ϕi are derived:

|Fi| =
√

Re(Fi)
2 + Im(Fi)

2, (28)

ϕi = arg(Fi), (29)

where i ∈ {1, 2}, and Re(·) and Im(·) represent the real and imaginary parts of the fre-
quency spectrum, respectively. For degraded remote sensing imagery, the enhancement
branch provides degradation-aware appearance cues that are useful for compensating
corrupted responses, while the detection branch preserves object-oriented semantic and
structural information. Their interaction in the frequency domain therefore enables the
model to jointly exploit appearance-related and structure-related clues in a more inter-
pretable manner. Learnable channel-wise weights are employed to control the fusion
process. The fused amplitude |Fcom| and phase ϕcom are computed as follows:

|Fcom| = α1|F1|+ α2|F2|, (30)

ϕcom = arg
(

β1ejϕ1 + β2ejϕ2
)

, (31)

where α1, α2, β1, β2 ∈ RC×1×1 are learnable parameters that adaptively scale the importance
of each feature branch at the channel level. Subsequently, the two spectral components are
recombined to synthesize a complex-valued frequency representation:

Ff us = |Fcom| · ejϕcom . (32)
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In this formulation, j denotes the imaginary unit. The term ejθ integrates the magnitude
and directional (phase) information into a unified spectral tensor, where the phase angle
θ corresponds to ϕcom. Finally, the fused frequency-domain signal is mapped back to the
spatial domain via the inverse FFT:

Xout = Re
(
F−1(Ffus)

)
∈ RB×C×H×W . (33)

where Re(·) denotes the real-part operator. The final output Xout represents the refined
spatial-domain representation, effectively blending information from the enhancement and
detection branches while mitigating the adverse effects of degradation.

3.5. Encoders
3.5.1. Degradation Representation Encoder

In image processing, the degradation information of hazy images is critical. To ef-
fectively capture this information, we design a degradation representation encoder that
enhances RShDet’s ability to perceive image degradation. Given a hazy image x, it is
first passed through a 3 × 3 convolution layer to obtain the feature map xl . This is then
processed by five Residual Blocks (RBs). Each RB contains two 3 × 3 convolutional layers,
along with normalization and activation functions, which can be expressed as:

FRB = σ
(
TCb1(TCbs(xl)) + TCb2(xl)

)
(34)

where FRB denotes the output of a residual block, σ represents the SiLU activation func-
tion, TCb1 and TCb2 are convolution-batch normalization operations, and TCbs additionally
includes a SiLU activation.

The output from the last residual block is downsampled to 1/32 of the original input
size, followed by GAP and two fully connected layers to produce a 256-dimensional
degradation representation vector r:

r = Tlinear

(
σ(Tlinear(GAP(FRB)))

)
(35)

where Tlinear denotes a fully connected layer. To ensure the encoder focuses on capturing
degradation information, a contrastive loss is employed. Specifically, for a degraded image
x, two patches are randomly cropped: one serving as the query Q and the other as the
positive sample P. Patches from other images with different degradation levels are used as
negative samples N. These patches are encoded to obtain one-dimensional feature vectors
rQ, rP, and rN . Since contrastive learning benefits from a large number of negative samples,
a negative sample queue k−i is maintained to provide a substantial pool of negatives. Using
these representations, the contrastive loss is defined as:

LCtr = − log
exp(rQ · rP/τ)

∑K
i=1 exp(rQ · k−i /τ)

(36)

where K is the length of the negative sample queue and τ is a temperature hyperparameter,
set to 0.07, consistent with prior works such as RestorNet [47].

To leverage degradation information effectively for guiding feature transformations in
both the object detection and enhancement encoder branches, RShDet integrates a degra-
dation representation encoder to learn multi-scale degradation features. These features
are produced at five spatial resolutions—1/2, 1/4, 1/8, 1/16, and 1/32—corresponding
to the feature scales in the encoder branches. As illustrated in Figure 4, the encoder fea-
ture FIN is combined with the degradation representation FD through pixel-wise addition.
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The result is then processed by a 1 × 1 convolution followed by a Sigmoid activation to
generate degradation guidance weights. These weights are applied to FIN via pixel-wise
multiplication to produce the final output feature FOUT :

FOUT = σ
(
TConv1(FIN + FD)

)
⊗ FIN (37)

where TConv1 represents a 1 × 1 convolution layer, and ⊗ indicates element-wise multipli-
cation. This degradation-guided fusion mechanism enables RShDet to adapt to various
degradation levels, improving the encoder’s ability to extract meaningful features from
corrupted inputs.

Co
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���
 

����
 

Figure 4. The degradation-guided fuse process.

3.5.2. Image Enhancement Encoder

The purpose of the image enhancement encoder is to capture features relevant to
image enhancement. In this work, the encoder is built using the channel attention block
from RDMNet [37], which serves as the core building unit. Given an hazy image, the
encoder initially captures shallow features through a Focus operation. Deeper features
are then extracted across five hierarchical scales by consecutively applying five channel
attention blocks, with bilinear interpolation used to downsample between scales. Each
channel attention block comprises two 3 × 3 convolution layers along with a channel
attention mechanism, facilitating the model to concentrate on meaningful features while
attenuating less relevant ones.

4. Experiments and Analysis
We first introduce the implementation details and the datasets. We then demonstrate

the superiority of RShDet in handling challenging haze conditions by comparing it with
state-of-the-art (SOTA) methods on both real-world and synthetic datasets. In addition, a se-
ries of ablation studies is conducted to validate the effectiveness of the proposed components.

4.1. Implementation Details

RShDet is implemented using PyTorch 2.2.0 and optimized using stochastic gradient
descent (SGD) with an initial learning rate of 1 × 10−2. The model is trained on an NVIDIA
GeForce RTX 4090 GPU with a batch size of 4 for 100 epochs. During both training and
testing, all input images are resized to 640 × 640. Different from standard detectors that
learn solely from degraded inputs, RShDet exploits paired hazy and clear image samples
during training to strengthen the feature representation capability of the enhancement
branch, which in turn facilitates more robust object detection. To quantitatively assess the
performance of RShDet under hazy conditions, mean Average Precision (mAP) is adopted
as the primary evaluation metric, which is widely used in object detection benchmarks.

4.2. Datasets

Existing public object detection datasets in the RS domain rarely include hazy scenar-
ios. Therefore, we construct a synthetic haze dataset, termed Hazy-DOTA, based on DOTA
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v2.0 [15]. In addition, to further evaluate the performance of RShDet under haze condi-
tions, two publicly available haze object detection datasets, RTTS [57] and HazyDet [41],
are employed.

Hazy-DOTA: We propose a new hazy RS object detection dataset, termed Hazy-DOTA,
which is designed to evaluate and enhance the robustness of object detection models under
haze-degraded conditions. Specifically, synthetic haze effects with varying densities are
incorporated into the DOTA v2.0 dataset to generate hazy images at different degradation
levels. DOTA v2.0 is a large-scale benchmark dataset for RS object detection released by
Wuhan University in 2021. It collects images from diverse sources, including Google Earth,
the GF-2 satellite, and aerial platforms. The benchmark comprises 11,268 images, within
which 1,793,658 objects are annotated over 18 categories. The haze synthesis process is
formulated as

I(x) = J(x)t(x) + A(1 − t(x)), (38)

t(x) = e−βd(x), (39)

d(x) = −0.04 ρ(x) +
√

max(H, W). (40)

where I(x) denotes the synthesized hazy image and J(x) denotes the corresponding clear
image. A is the global atmospheric light, β is the atmospheric scattering coefficient, t(x) is
the transmission map, and d(x) is the scene depth proxy used for haze synthesis. H and W
denote the image height and width, respectively.

We construct a deterministic depth proxy map using the analytic formulation in
Equation (40). Specifically, for an image of size H × W, the image center is defined as
c = (H/2, W/2). For each pixel x = (u, v), we compute its Euclidean distance to the image
center as

ρ(x) =

√(
u − H

2

)2
+

(
v − W

2

)2
, (41)

and then assign the depth value by Equation (40) to obtain a full-resolution depth map d(·).
In our implementation, the atmospheric light is set to A = 0.5, and the scattering

coefficient is defined as β = 0.01i + 0.05, where i is a random integer sampled from the
range [0, 9], enabling the synthesis of haze with varying densities across different images.
Figure 5 presents visual examples of the original images and our synthetic hazy samples. To
better approximate the variations observed under real-world weather conditions, a mixed
sampling strategy is adopted in the constructed dataset, where hazy and clear images are
combined at a ratio of 2:1.

HazyDet: HazyDet [41] is a benchmark object detection dataset captured from a UAV
perspective under hazy conditions. It contains a total of 11,600 images with 383,000 anno-
tated object instances. The dataset comprises 600 real-world hazy images and 11,000 syn-
thetic hazy images, and includes three object categories: car, truck, and bus. HazyDet is
organized into a synthetic hazy training set, a synthetic hazy test set, and a real-world hazy
test set (Rw-Test).

RTTS: The RTTS dataset [57] is a real-world foggy dataset consisting of 4322 foggy
images annotated with five distinct object categories. It is used as a test set to evaluate
the detection performance of RShDet under hazy conditions. In contrast, we create a
synthetic hazy dataset, VOC_Fog (VFog), from the VOC dataset [58]. To synthesize these
hazy images, we employ the atmospheric scattering model to simulate the effects of haze
on clear imagery. Building upon the original VOC subsets (VNorm-train and VNorm-test),
we create VFog-train and VFog-test by randomly applying fog processing.
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Figure 5. Visual comparison between the original images and our synthetic hazy samples. The
first row displays original RS images from the DOTA-v2.0 dataset, while the second row presents
the corresponding haze-corrupted images from our proposed Hazy-DOTA dataset. The synthetic
samples simulate realistic atmospheric degradation across varying density levels to evaluate model
robustness in hazy scenarios.

4.3. Comparative Experiments
4.3.1. Experiments on Hazy-DOTA

To thoroughly assess the potential and generalization capabilities of RShDet for object
detection under hazy conditions in RS, we evaluate RShDet on the synthetic Hazy-DOTA
benchmark and benchmark it against SOTA methods. For Domain Adaptation, we ap-
ply DAYOLO [59], and SF-TMAT [43]. For Image Adaptation, we include IA-YOLO [6],
GDIP [8], Q-Norm [40] BAD-Net [60] and DHC-Net [2]. In addition, for frequency enhance-
ment, we further include FcaNet and D3 [61] as representative methods.

Table 1 reports that RShDet outperforms other compared methods on the Hazy-
DOTA test set. Specifically, RShDet achieves a 2.4% improvement in mAP50 over the
recently proposed DHCNet, demonstrating its superior detection performance under hazy
conditions. Beyond these numerical results, we further provide visual comparisons on
representative hazy samples, as shown in Figure 6. The visual evidence shows that RShDet
achieves superior localization accuracy and identifies a greater number of targets than
existing methods. Even in dense-fog conditions, our approach maintains robust detection
performance where other models fail.

Table 1. Evaluation results on the proposed Hazy-DOTA dataset.

Method Type Precision (%) Recall (%) mAP50 (%)

YOLOv8 [62] Baseline 70.8 55.3 57.3
FcaNet [49] Frequency Enhancement 71.5 55.5 59.2

D3 [61] Frequency Enhancement 72.1 55.9 60.7
DAYolo [59] Domain Adaptation 66.8 46.7 49.2

SF-TMAT [43] Domain Adaptation 72.7 56.1 61.8
RDMNet [37] Multi-task 71.4 55.4 58.5
IA-YOLO [6] Image Adaptation 69.3 46.6 50.5

GDIP [8] Image Adaptation 70.2 48.2 52.1
BAD-Net [60] Image Adaptation 71.2 55.3 57.6
Q-Norm [40] Image Adaptation 71.9 55.4 60.3
DHC-Net [2] Image Adaptation 72.8 56.0 62.0

RShDet Multi-task 74.5 58.1 64.4
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Figure 6. Visual comparison of detection results under hazy conditions. RShDet outperforms SOTA
methods by producing more complete detections and reducing missed targets. Note: Bounding box
colors denote object categories: white for plane, green for tennis court, blue for small vehicle, light
green for storage tank, pink for bridge, dark blue for ship, and light blue for large vehicle.

4.3.2. Experiments on HazyDet

To comprehensively evaluate the capability of RShDet, we further extend our exper-
iments to UAV-based object detection under hazy conditions. For the “restore + detect”
paradigm, we employ GridDehaze [63], MixDehazeNet [64], DSANet [65], FFA [66], De-
hazeFormer [67], C2PNet [68], and RIDCP [69] as preprocessing methods for haze removal.
These dehazing models are applied prior to object detection using a Faster R-CNN [70]
detector trained on clear UAV images. Moreover, comparisons are conducted with joint
restoration-detection methods, namely IA-YOLO, GDIP, DeCoDet [41], DHCNet, Q-Norm,
and TogetherNet [12]. For domain adaptation approaches, MRT [42], RST, and SF-TMAT
are also included in the comparison.

As reported in Table 2, RShDet consistently outperforms all competing methods
under UAV hazy conditions. Specifically, RShDet achieves mAP improvements of 3.1%
and 1.9% over YOLOv8 and DHCNet on the test set, respectively. Furthermore, on the
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Rw-Test dataset, RShDet(T) yields a substantial performance gain, improving the mAP of
DHCNet by 2.2%. These results collectively highlight the superior detection performance
and robustness of RShDet in UAV-based hazy scene object detection.

Table 2. Detection performance (mAP) comparison on the HazyDet dataset. The best results are
highlighted in bold, and “–” indicates unavailable results.

Method Type
Test-Set Rw-Test

Car Truck Bus mAP Car Truck Bus mAP

GridDehaze [63] Defog 48.7 21.2 46.8 38.9 37.6 8.0 13.3 19.6
MixDehazeNet [64] Defog 49.5 22.0 48.4 39.9 40.8 8.3 14.4 21.2
DSANet [65] Defog 50.1 23.0 49.2 40.8 41.8 9.7 15.8 22.4
FFA [66] Defog 50.2 23.5 49.9 41.2 41.1 9.4 15.5 22.0
DehazeFormer [67] Defog 51.3 24.7 51.5 42.5 41.2 9.3 15.2 21.9
C2PNet [68] Defog 51.5 25.4 51.7 42.9 41.8 9.5 16.0 22.4
RIDCP [69] Defog 52.9 26.1 55.4 44.8 43.9 9.7 19.0 24.2
IA-YOLO Image Adaptation 44.1 22.2 48.6 38.3 41.9 8.0 17.3 22.4
GDIP Image Adaptation 47.0 22.7 50.6 40.1 46.6 8.5 17.8 24.3
TogetherNet [12] Multi-task 53.4 25.4 55.0 44.6 48.2 11.3 16.1 25.2
FCOS-DeCoDet [41] Image Adaptation 55.9 28.6 57.6 47.4 48.1 11.1 17.8 24.3
VFNet-DeCoDet [41] Image Adaptation 58.3 33.7 62.5 51.5 49.0 9.0 19.7 25.9
Q-Norm Image Adaptation 81.4 35.7 74.1 63.7 70.3 9.1 21.7 33.7
MRT Domain Adaptation 77.8 37.5 77.5 64.2 – – – –
RST [71] Domain Adaptation 82.1 41.3 70.4 64.6 – – – –
SF-TMAT Domain Adaptation 77.9 44.9 78.1 66.9 67.6 12.9 24.3 34.9
YOLOv8 Baseline 85.8 36.6 75.6 65.9 71.9 7.6 22.7 34.1
DHC-Net Image Adaptation 86.6 37.1 77.5 67.1 74.9 10.4 23.0 36.1
RShDet Multi-task 88.4 38.9 79.6 69.0 76.6 12.7 25.5 38.3

4.3.3. Experiments on RTTS

To verify the generality of RShDet for object detection under hazy weather conditions,
we conduct extensive comparisons with representative object detection methods on clear
images (VNorm-test), synthetic hazy images (VFog-test), and real-world hazy images
(RTTS). RShDet and all compared methods are trained on Hybrid datasets, in which the
ratio of hazy images (VFog-train) to clean images (VNorm-train) is set to 2:1. We select
YOLOv8 [62] as the baseline detector. For clarity, we refer to the network trained on Hybrid
samples as YOLOv8, and its counterpart trained on normal samples as YOLOv8*.

The dehaze-then-detect methods first leverage restoration algorithms to enhance the
visual quality of hazy images, followed by object detection using a YOLOv8 detector
trained on clean images. Specifically, MSBDN [72] and GridDehaze [63] are combined
with YOLOv8*, resulting in two cascaded models: MSBDN-YOLOv8* and GridDehaze-
YOLOv8*. To ensure data consistency with the RTTS [57] dataset, which focuses on outdoor
scenes, both restoration networks are trained using the OTS dataset [57].

In contrast, end-to-end approaches unify image enhancement and object detection
within a single framework, enabling direct object detection tasks in hazy images without
intermediate preprocessing. This category includes multi-task learning methods (e.g.,
DSNet [13], DR-YOLO [73], and RDMNet), domain adaptation methods (e.g., DAYOLO
and SF-TMAT), and image adaptation methods (e.g., IA-YOLO, DHC-Net, GDIP and its
variants), which are compared with RShDet.

Table 3 summarizes the quantitative comparison between RShDet and competing
methods under different testing conditions. On the VNorm-test dataset, RShDet achieves
the best performance among all methods, yielding a 1.91% mAP improvement over the
recent DHC-Net. On the VFog-test dataset, RShDet exhibits substantial performance gains,
outperforming YOLOv8, SF-TMAT, and DHC-Net by 5.04%, 2.79%, and 2.23% in mAP,
respectively. These results demonstrate the robustness of RShDet under synthetic hazy
conditions. For the RTTS dataset, RShDet achieves an mAP of 55.73%, surpassing all
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compared methods. In particular, RShDet outperforms YOLOv8, SF-TMAT, and DHC-
Net by 6.63%, 2.61%, and 2.33%, respectively, indicating strong generalization ability in
real-world hazy scenarios.

Overall, these results indicate that RShDet consistently achieves superior performance
across clear, synthetic hazy, and real-world hazy datasets. Furthermore, it is observed that
end-to-end detection approaches generally outperform the “restore-and-detect” methods,
highlighting the effectiveness of unified optimization for hazy scene object detection.

Table 3. Performance comparison (mAP) between models evaluated on synthetic hazy images and
real haze images. The best results are highlighted in bold, and “–” indicates unavailable results.

Method Type Train Data VNorm-Test VFog-Test RTTS

YOLOv8 Baseline Hybrid 78.69 78.09 49.10
MSBDN [72] Defog VNorm-train – 57.38 30.30
GridDehaze [63] Defog VNorm-train – 58.23 31.42
DAYOLO Domain Adaptation Hybrid 56.51 55.11 29.93
SF-TMAT Domain Adaptation Hybrid 80.96 80.34 53.12
DR-YOLO [73] Multi-task Hybrid 77.65 78.55 51.63
RDMNet [37] Multi-task Hybrid 79.44 78.41 52.34
DSNet [13] Multi-task Hybrid 53.29 67.40 28.91
IA-YOLO Image Adaptation Hybrid 73.23 72.03 37.08
GDIP-YOLO Image Adaptation Hybrid 73.70 71.92 42.42
MGDIP-YOLO Image Adaptation Hybrid 75.36 73.77 42.84
GDIP Regularizer Image Adaptation Hybrid 73.17 72.77 39.52
DHCNet Image Adaptation Hybrid 81.50 80.90 53.40
RShDet Multi-task Hybrid 83.41 83.13 55.73

4.3.4. Experiments on DOTA-v2.0

To validate the effectiveness of the proposed method on RS imagery, we evaluate
RShDet on the DOTA-v2.0 dataset. RShDet is compared with several representative and
well-established RS detection methods. For consistency, RShDet and all comparison ap-
proaches are trained and tested on the same DOTA-v2.0 dataset under identical experimen-
tal settings.

As reported in Table 4, RShDet consistently outperforms all compared methods in
terms of mAP50. Notably, RShDet surpasses PDACL and DHCNet by 2.07% and 1.28%
mAP50, even though both are strong contenders on this benchmark. These improvements
indicate that RShDet exhibits strong generalization ability when applied to complex RS
scenes. To provide a clearer comparison of the mAP50 performance across different meth-
ods, we further visualize the results using a histogram, as shown in Figure 7. The histogram
clearly illustrates that RShDet achieves the highest mAP50 value among all methods, fur-
ther highlighting its superior detection performance in RS scenarios. Thus, the proposed
model maintains superior performance under both hazy and clear-weather conditions,
demonstrating generalization capability across different weather conditions.
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Table 4. Evaluation results on DOTA-v2.0 dataset. The best results are highlighted in bold, and “–” indicates unavailable results.

Method PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC CC AP HL mAP50
BFM [74] 80.12 54.12 50.07 65.68 43.98 60.07 67.85 79.11 64.38 60.56 45.98 58.26 58.31 64.82 69.84 32.78 89.37 11.07 58.69
DFDet [75] 75.44 52.17 42.28 60.17 48.80 53.36 62.67 78.15 56.85 66.62 40.78 53.05 48.42 59.23 51.40 25.47 66.29 16.38 53.19
Oriente R-CNN [76] 78.65 51.80 47.15 65.78 43.25 58.29 60.89 82.83 63.51 59.50 43.40 55.57 52.90 56.18 54.13 27.55 66.24 5.22 54.06
OAN [77] 79.18 51.57 47.50 66.61 43.30 58.07 60.73 82.85 64.47 59.62 44.31 56.66 52.71 56.73 53.04 26.01 66.41 14.42 54.64
DG-YOLOT [78] 86.20 70.80 49.90 57.81 60.00 76.90 79.20 93.30 58.40 70.90 79.20 93.30 58.40 70.90 42.50 61.30 67.50 64.80 57.91
RHINO [79] 79.32 58.33 46.06 65.79 57.25 58.38 68.53 80.46 63.27 73.01 48.69 57.80 56.21 60.04 59.06 42.70 78.96 12.84 59.26
YOLOv8 91.89 72.87 43.42 60.95 62.13 79.11 85.79 94.51 60.78 75.22 42.36 56.53 75.99 68.35 48.51 2.24 33.82 0.15 58.51
RQFormer [80] 77.58 49.96 38.60 53.82 54.97 57.12 68.93 77.88 59.59 71.92 40.17 51.22 53.00 57.12 49.66 25.42 66.92 5.17 53.28
FCOS-O [81] 74.84 47.53 40.83 57.41 43.89 47.72 55.66 78.61 57.86 63.00 38.02 52.38 41.91 53.24 40.22 7.15 65.51 7.42 48.51
DACL [82] 83.08 68.53 44.31 58.33 63.04 79.12 88.18 93.87 58.51 72.95 54.01 54.84 73.21 57.80 40.70 3.05 61.41 49.67 61.21
O-Rep [83] 73.02 46.68 42.37 63.05 47.06 50.28 58.64 78.84 57.12 66.77 35.21 50.76 48.77 51.62 34.23 6.17 64.66 5.87 48.95
DCFL [84] 79.49 55.97 50.15 61.59 49.01 55.33 59.31 81.81 66.52 60.06 52.87 56.71 57.83 58.13 60.35 35.66 78.65 13.03 57.66
OASL [85] 76.65 55.46 46.33 62.49 53.18 56.62 66.16 80.75 63.07 67.03 44.89 55.68 54.24 59.04 59.15 35.00 77.81 14.65 57.18
H2RBox-v2 [86] – – – – – – – – – – – – – – – – – – 50.00
GRA [87] – – – – – – – – – – – – – – – – – – 57.95
MTP [88] – – – – – – – – – – – – – – – – – – 58.96
DHCNet 84.10 65.40 45.10 61.00 62.90 79.20 88.50 95.04 63.40 76.00 51.60 57.50 76.20 54.10 31.80 9.87 67.50 49.50 62.00
RShDet 86.24 67.45 44.91 61.26 64.78 78.73 87.63 95.46 66.27 76.53 53.52 58.49 75.81 58.43 33.60 11.36 67.22 51.26 63.28
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Figure 7. Bar chart visualization of mAP50 (%) results on the DOTA-v2.0 dataset. The green bars
denote the proposed RShDet, while the blue bars represent the compared methods.

4.4. Computational Complexity

In this section, we analyze the computational complexity of RShDet in comparison with
other multi-task learning and image adaptation methods. Params and FLOPs are reported
to reflect the intrinsic model complexity, while frame rate (FPS) and time cost are adopted
to evaluate the actual inference efficiency of each model. To ensure a fair comparison, all
methods in Table 5 are evaluated under the same experimental environment and inference
settings. Specifically, all models are tested using a single NVIDIA GeForce RTX 3090 GPU,
and the input images are resized to 640 × 640.

As shown in Table 5, baseline detectors generally achieve the highest inference speed.
In terms of model complexity, RShDet contains only 9.24 M parameters and 10.9 G FLOPs,
which are substantially lower than those of most compared methods, indicating that the
proposed framework remains computationally efficient. Multi-task learning approaches
provide a better balance between efficiency and detection performance, especially under
hazy conditions. Although RShDet is slightly slower than YOLOv8, it still maintains
competitive inference efficiency and is faster than DHCNet. Meanwhile, RShDet also
achieves improved detection accuracy while maintaining competitive inference efficiency.

Table 5. Computational complexity comparison of RShDet and other methods.

Method Type Params (M) FLOPs (G) FPS Speed (ms)

YOLOv8 Baseline 3.2 8.7 310.56 3.22
IA-YOLO Image Adaptation 61.7 154.7 17.44 57.35
GDIP-YOLO Image Adaptation 196.9 405.9 6.77 147.63
MGDIP-YOLO Image Adaptation 138.2 351.3 7.79 128.32
GDIP as regularizer Image Adaptation 61.5 154.5 17.49 57.16
DHCNet Image Adaptation 11.3 28.9 92.5 10.81
SF-TMAT Domain Adaptation 40.0 70.3 38.79 25.78
DR-YOLO Multi-task 43.6 104.6 26.24 38.11
RShDet Multi-task 9.24 10.9 305.0 3.28

4.5. Ablation Studies
4.5.1. Module Ablation

To investigate the necessity and complementarity of different components, we conduct
ablation experiments on FDMF, OCDE, and DSPF. All ablation models are trained and
tested on the Hazy-DOTA dataset. As shown in Table 6, the full model equipped with all
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three modules achieves the best performance, demonstrating that these components are
complementary rather than redundant.

Table 6. Ablation study results on model performance with different components. In the DSPF
module, DCT denotes the multi-spectral attention mechanism and Switches denotes the learning-
driven frequency filtering block.

FDMF OCDE DCT Switches Precision (%) Recall(%) mAP50(%) mAP95(%)

× × × × 70.80 55.30 57.30 38.70
✓ × × × 71.59 55.91 59.01 39.01
✓ ✓ × × 73.06 56.65 61.03 39.94
✓ ✓ ✓ × 73.78 57.31 62.75 40.68
✓ ✓ ✓ ✓ 74.50 58.10 64.40 41.30

Specifically, integrating the FDMF module improves the mAP50 by 1.71%, which
validates the effectiveness of frequency-domain fusion between the enhancement and
detection branches. By jointly integrating amplitude and phase information from the two
branches, FDMF facilitates complementary information exchange between the enhancement
and detection features.

After further introducing OCDE, the mAP50 increases by another 2.02%. This result
indicates that OCDE effectively enhances feature extraction by suppressing irrelevant
background interference in the spatial domain and aggregating context over target-relevant
regions. Such spatial-domain focusing provides more discriminative features for the
subsequent frequency-domain analysis. Notably, we observe that the model using the
learned subset of frequency components outperforms the variant using all frequency
components, achieving a 1.65% increase in mAP50. This observation shows that, even after
spatial background suppression, the retained object features still contain mixed spectral
responses and haze-related distortions. Therefore, frequency-domain selection remains
necessary to further suppress trivial or noisy frequency components and preserve the most
discriminative spectral cues.

4.5.2. Qualitative Analysis of DSPF

To qualitatively verify the effectiveness of DSPF, we visualize intermediate feature
responses produced by RShDet. Figure 8 shows the feature maps obtained with the DCT-
based spectral representation and the learned Switches. Specifically, Figure 8a presents
the input images, while Figure 8b and Figure 8c correspond to the feature maps generated
using all frequency components and the learned frequency subset, respectively. As can be
seen, the maps in Figure 8c exhibit more pronounced activations than those in Figure 8b,
suggesting that the learned subset better preserves discriminative cues.

4.5.3. Effect of Amplitude and Phase in FDMF

To further investigate the contribution of each component in the FDMF module, we
conduct an ablation study on the amplitude and phase branches, and report the results in
Table 7. The results show that both branches improve detection performance when used
individually. Moreover, jointly enabling the two branches yields the best performance,
with gains of 1.66% in mAP50 and 0.51% in mAP95 over the baseline without amplitude or
phase fusion. These findings verify that amplitude and phase play complementary roles in
the proposed FDMF module, and that their joint fusion is crucial for robust object detection
under degraded conditions.
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Figure 8. Qualitative comparison of RShDet feature responses with DSPF: all-frequency features
versus features selected by learned Switches. Warmer colors indicate stronger responses, while cooler
colors indicate weaker responses.

Table 7. Ablation study results on FDMF. ✓ denotes that the corresponding component is included,
while × denotes that it is excluded.

Amplitude Phase Precision (%) Recall (%) mAP50 (%) mAP95 (%)

× × 73.87 57.43 62.74 40.79
✓ × 74.26 57.91 63.87 41.15
× ✓ 74.14 57.62 63.36 40.99
✓ ✓ 74.50 58.10 64.40 41.30

4.5.4. Effect of Loss Weights

To enhance the detection capability of RShDet in hazy environments, the network is
trained with a unified objective that jointly combines the object detection loss LDet, the im-
age enhancement loss LEn, the frequency regularization term LFre, and the contrastive loss
LCtr. Accordingly, four weighting coefficients, λ1, λ2, λ3, and λ4, are introduced to control
the relative contribution of each term. To determine suitable values for these coefficients, we
perform extensive experiments on the Hazy-DOTA dataset, and the corresponding results
are summarized in Table 8. The results indicate that the balance between the detection loss
and enhancement loss has a noticeable influence on the final detection performance. The
setting (λ1, λ2, λ3, λ4) = (0.2, 0.8, 0.1, 0.1) achieves the best mAP50 of 64.4%, indicating that
the adopted weight configuration provides the best trade-off among detection supervision,
enhancement supervision, and the two auxiliary regularization terms. The results further
show that excessively small or excessively large values of λ3 and λ4 are less favorable,
while moderate settings lead to better performance.
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Table 8. Sensitivity analysis of the loss weights in the total objective.

λ1 λ2 λ3 λ4 mAP50 (%)

0.1 0.9 0.1 0.1 63.5
0.2 0.8 0.1 0.1 64.4
0.3 0.7 0.1 0.1 63.3
0.4 0.6 0.1 0.1 62.9

0.2 0.8 0.05 0.1 63.9
0.2 0.8 0.15 0.1 64.1
0.2 0.8 0.20 0.1 63.7

0.2 0.8 0.1 0.05 63.7
0.2 0.8 0.1 0.15 63.9
0.2 0.8 0.1 0.20 63.4

5. Conclusions
In this paper, we propose RShDet, an Adaptive Spectral Aware Network designed to

address the challenges of RS object detection under haze interference. Unlike traditional
cascading methods, RShDet does not simply treat restoration and detection as sequential
steps. Instead, it synergizes both tasks in the frequency domain, where the restoration task
serves to reclaim essential object details that facilitate more accurate detection. Specifically,
the OCDE module employs query-agnostic offsets to adjust the sampling point positions,
enabling the module to focus on important regions. Guided by our spectral analysis of
hazy imagery, we develop DSPF, which attenuates irrelevant information while adaptively
retaining discriminative frequency components. Furthermore, the FDMF module achieves
deep cross-task synergy by integrating amplitude and phase components across branches.
To facilitate research in this field, we established the Hazy-DOTA benchmark, which
simulates realistic haze degradation on RS images. Extensive experiments demonstrate the
effectiveness of RShDet for object detection in hazy RS images. It improves the mAP50 of
the YOLOv8 baseline on Hazy-DOTA from 57.3% to 64.4%, and achieves consistent gains
across multiple datasets, including 7.1% mAP50 on Hazy-DOTA, 3.1% mAP on HazyDet,
and 6.63% mAP on RTTS. Compared with SOTA methods, it further yields improvements
of 2.4% mAP50, 1.9% mAP, and 2.33% mAP on these datasets, respectively, demonstrating
strong robustness and generalization capability.

While our method achieves promising results, it currently relies on the assumption
that paired hazy and clear images are available during the training phase. Such supervi-
sion facilitates the learning of haze-aware representations; however, in many real-world
RS scenarios, collecting perfectly aligned paired data is both time-consuming and often
impractical. Consequently, the dependence on paired datasets may limit the scalability
and broader applicability of the proposed approach, particularly in situations where only
unpaired or limited data are available.

In addition, the current RShDet framework is primarily tailored for hazy weather
conditions, with a specific focus on mitigating the impact of atmospheric haze on detection
performance. In practical RS scenarios, however, images are often affected by a wider
range of degradations, such as rain, snow, fog, and low-light conditions, each introducing
different types of visual distortions. These factors are not explicitly considered in the
current framework.

In future work, we will investigate unsupervised restoration strategies to exploit
degraded images without relying on paired supervision, so as to mine more useful informa-
tion for object detection. Meanwhile, we will further explore a unified detection framework
for multiple adverse conditions, with the goal of achieving robust object detection in rainy,
hazy, snowy, and dark scenes.
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