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Abstract—Under adverse environmental conditions such as
fog, rain, snow, and low illumination, object detection models
often suffer significant performance degradation in real-world
deployments due to domain shifts and visual feature degradation.
To address this problem, this paper adopts YOLOv8 as the
baseline detector and proposes a robust framework, termed DW-
YOLO, which is designed to learn domain-invariant object repre-
sentations in complex environments.At the core of the framework
is the proposed Dual-Context Attention Module (DCAM). This
module integrates short-distance attention and long-distance at-
tention with multi-scale contextual fusion, enabling simultaneous
modeling of global contextual relationships and local fine-grained
details. By explicitly leveraging complementary contextual in-
formation, DCAM substantially improves the robustness of the
characteristics against weather-induced domain drift. Further-
more, an adaptive optimization strategy, Weighted Intersection
over Union (WIoU), is incorporated to emphasize challenging
and underrepresented samples during training. This strategy
improves generalization across diverse environmental conditions
while preserving an end-to-end training pipeline and without
incurring significant computational overhead. Extensive experi-
ments on multiple public benchmark datasets demonstrate that
DW-YOLO consistently outperforms baseline detectors under
adverse weather conditions, yielding notable improvements in
both detection accuracy and robustness. These findings indicate
that DW-YOLO provides an effective solution to object detection
under domain shift and shows strong potential for deployment
in real-world intelligent perception systems.

Index Terms—Object Detection, YOLO, Computer Vision,
Image Processing, Domain Shifts.

I. INTRODUCTION

Object detection has become a fundamental component
in modern perception systems, supporting applications such
as autonomous driving, intelligent transportation, and video
surveillance. With the rapid development of deep convolu-
tional networks, detection performance has advanced from
two-stage frameworks such as Faster R-CNN [1] to efficient
one-stage detectors including SSD [2]. Among them, the
YOLO family [3]–[6] has gained significant attention due to
its favorable balance between accuracy and efficiency, making
it suitable for real-time deployment.

However, when detectors are deployed in real-world en-
vironments, performance often degrades severely under ad-
verse weather conditions such as fog, rain, snow, and low
illumination. Visibility degradation leads to feature attenu-
ation, contrast reduction, and noise amplification, resulting
in unstable localization and missed detections. Moreover,
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such degradations introduce distribution discrepancies between
training data and deployment scenarios, giving rise to the
well-known problem of domain shift. Models trained mainly
on clear-weather datasets may therefore generalize poorly to
adverse-weather domains.

Existing research has attempted to mitigate these issues
along two main directions. The first focuses on architectural
improvements. Recent YOLO variants [4]–[6] enhance fea-
ture extraction and optimization strategies while maintaining
real-time capability, yet most are still optimized on clear
images and remain sensitive to visibility degradation. The
second emphasizes robustness mechanisms, including image
enhancement, contextual modeling, and domain-oriented opti-
mization. Dehazing-based preprocessing [7], [8] can improve
visibility but may introduce artifacts that propagate into de-
tectors. Context-aware networks [9]–[11] strengthen multi-
scale and long-range representations, while domain adaptation
approaches [12]–[14] alleviate distribution mismatch across
domains. Despite these advances, integrating such mechanisms
into a unified and lightweight detector remains challenging,
particularly under complex weather-induced degradations.

Motivated by these challenges, this paper proposes DW-
YOLO, a robust detection framework tailored for adverse-
weather and cross-domain scenarios. Built upon YOLOv8 [5],
DW-YOLO enhances both representation learning and local-
ization robustness. The proposed DCAM jointly exploits local
structural cues and global contextual dependencies, effectively
alleviating feature attenuation under low-contrast conditions.
In addition, a weighted IoU regression objective inspired
by WIoU [15] stabilizes bounding-box optimization, while
diversified data-augmentation strategies further enhance cross-
domain generalization.

Extensive experiments on representative adverse-weather
benchmarks, including FOG-Driving [16], RTTS [17], and
Foggy Cityscapes [16], demonstrate that DW-YOLO consis-
tently outperforms baseline YOLO models and recent robust
detectors, achieving improved accuracy and generalization
across synthetic and real fog domains.

The main contributions of this work are summarized as
follows:

• We propose DW-YOLO, a unified and lightweight detec-
tion framework designed for adverse-weather and cross-
domain conditions.

• We design a Dual-Context Attention Module that en-
hances both long-range dependency modeling and fine-



grained perception under feature attenuation.
• We incorporate a WIoU-based adaptive localization ob-

jective together with diversification-oriented augmenta-
tion to improve robustness against domain shifts.

• The proposed DW-YOLO was comprehensively evaluated
across multiple datasets, demonstrating consistent perfor-
mance improvements over baseline methods.

II. RELATED WORK

A. Object Detection under Adverse Weather

Adverse weather such as fog, rain, snow, and low illu-
mination introduces scattering, blur, and contrast reduction,
which weakens visual features and leads to noticeable drops in
detection accuracy. Early work primarily relied on image-level
restoration before detection. Classical priors such as the dark
channel prior modeled atmospheric scattering and achieved
promising results in dehazing [7]. Subsequent CNN-based
approaches [8], [18]–[20] improved visual restoration through
learned feature fusion and multi-scale inference. However,
these methods mainly optimize human-perceived clarity rather
than detection objectives, and may introduce artifacts that
negatively affect bounding box regression.

To alleviate such task misalignment, researchers began
integrating enhancement and detection into unified frame-
works. Image-adaptive architectures such as IA-YOLO [21]
and ERUP-YOLO [22] embed learnable preprocessing into
the detector, enabling dynamic adaptation to visibility degra-
dation. Multi-scale and cross-modal approaches such as
MASFNet [23] and CME-YOLO [24] further exploit comple-
mentary cues to stabilize perception in foggy scenes.

A second direction improves robustness directly within
detection architectures. Works including R-YOLO [25], D-
YOLO [26], and TTSDA-YOLO [27] introduce weather-aware
modules and specialized optimization strategies to reduce per-
formance collapse under degradation. Despite these advances,
many methods remain closely tied to specific enhancement
pipelines or incur additional computational cost, limiting scal-
ability across unseen environments.

These challenges motivate the need for a unified and
lightweight framework that enhances representation robustness
and localization stability, while avoiding dependence on task-
misaligned restoration.

B. Context-Aware and Domain-Robust Mechanisms

Contextual information is essential for recognizing par-
tially occluded or low-contrast objects. Feature pyramid net-
works [9] enhance multi-scale representation, while non-
local networks [10] and squeeze-and-excitation modules [11]
strengthen long-range dependency modeling and channel re-
weighting. Transformer-based detectors [28] further introduce
global reasoning, albeit often at notable computational cost.

Beyond context modeling, domain shift remains a major
obstacle when transferring models from clear-weather training
data to adverse-weather deployment. Domain-adaptive detec-
tors such as DA-Faster R-CNN [12] and domain-oriented

YOLO extensions [13], [14] align feature distributions be-
tween domains. More recent works explore auxiliary domain
guidance [29], pseudo-label refinement [30], and domain
generalization strategies [31]. However, integrating domain
robustness and lightweight context modeling into a unified
framework remains insufficiently explored.

Motivated by these findings, our work combines dual-
context attention with adaptive localization and data-driven
regularization, aiming to simultaneously enhance feature ro-
bustness and cross-domain stability.

III. PROPOSED METHOD

A. Our Model Architecture

We propose DW-YOLO, a robust object detection frame-
work designed to cope with adverse weather conditions and
domain shifts, as illustrated in Fig. 1.

The model is built upon YOLOv8 and follows the standard
single-stage pipeline composed of a backbone, neck, and
detection head, while introducing targeted enhancements to
improve robustness and generalization.

To alleviate feature degradation caused by fog, rain, and
low illumination, DCAMs are integrated into multiple stages
of the backbone. By simultaneously capturing local contextual
details and long-range dependencies, DCAM strengthens the
discriminability of low-contrast features and enables more
reliable perception in visually degraded environments.The
neck adopts a feature-pyramid fusion structure that aggregates
DCAM-enhanced features across multiple spatial resolutions.
This design allows the detector to better handle objects with
different sizes and visibility levels, which is particularly im-
portant in adverse weather scenarios.In the detection head,
the WIoU is employed to improve bounding-box regression
stability. WIoU adaptively focuses on informative and moder-
ately hard samples while suppressing unreliable gradients from
noisy predictions. In addition, diversified data augmentation
is applied during training to expand the data distribution and
reduce the effect of domain shifts.

Overall, DW-YOLO jointly improves feature representation,
optimization stability, and data-level robustness, resulting in
stronger detection performance under both adverse weather
and cross-domain conditions.

B. Dual Context Attention Module

To address the limitations of contextual modeling in tra-
ditional YOLO variants under complex weather conditions,
we propose the Dual Context Attention Module (DCAM),
whose structure is shown in Fig. 2. Given an input feature
map X ∈ RC×H×W , DCAM first extracts local contextual
cues through a lightweight local operator, forming the Short-
Distance Attention (SDA) branch. This process is formulated
as

L = flocal(X), (1)

where flocal(·) denotes a stack of depthwise convolution and
normalization operations.



Fig. 1. Overall architecture of the proposed model.

Meanwhile, DCAM constructs a Long-Distance Attention
(LDA) branch to capture global dependencies. The input
feature is projected into Query, Key, and Value spaces via
1× 1 convolutions:

Q = WQ ∗X, K = WK ∗X, V = WV ∗X, (2)

where WQ, WK , and WV denote learnable projection kernels.
The attention score matrix is computed through similarity

matching between Q and K:

A = Softmax(Q⊤K). (3)

Using the attention map A, the global enhanced feature is
obtained by

V ′ = AV. (4)

To fuse local geometric cues with global semantic interac-
tions, DCAM concatenates V ′ and L channel-wise and applies



a 1× 1 convolution for feature fusion:

F = ϕ (Concat(V ′, L)) , (5)

where ϕ(·) denotes the fusion transformation.
Finally, a residual connection is applied to produce the

output:
Y = X + F. (6)

Through the integration of local context modeling (SDA)
and global dependency modeling (LDA), DCAM jointly ex-
ploits static spatial structures and dynamic long-range inter-
actions, thereby improving robustness and accuracy in low-
contrast scenarios such as fog, rain, snow, and low illumina-
tion.

C. WIoU-Based Optimization with Data Augmentation

Object detection under adverse weather conditions often
suffers from inaccurate localization and unstable training due
to visibility degradation and domain shift. Traditional IoU-
based losses provide limited robustness. IoU focuses only on
overlap and ignores geometric relations. DIoU and CIoU in-
troduce center-distance and aspect-ratio constraints to improve
regression stability [32], [33], but they still treat all samples
equally during optimization.

In this work, we adopt WIoU as the bounding box regression
loss [15]. WIoU introduces a dynamic focusing mechanism
that suppresses easy, high-quality samples while assigning
more optimization attention to medium- and hard-quality pre-
dictions. As illustrated in Fig. 3, WIoU produces smoother
and more discriminative regression curves compared with IoU,
DIoU, and CIoU, making it more suitable for foggy and low-
contrast scenes. This leads to more stable training and more
accurate localization than conventional IoU-based losses.

WIoU introduces a dynamic focusing mechanism that adap-
tively adjusts the contribution of each training sample based on
its localization quality. Unlike conventional IoU-based losses,
which treat all samples equally, WIoU assigns higher weights
to hard samples while suppressing the influence of low-quality
or noisy predictions.In adverse weather conditions, object
boundaries are often blurred and localization uncertainty in-
creases. Under such circumstances, conventional IoU-based
losses tend to be dominated by noisy or unreliable samples.
WIoU alleviates this issue by adaptively down-weighting low-
quality predictions and emphasizing moderately hard samples,
which leads to more stable optimization under degraded visual
conditions. The WIoU loss can be formulated as:

LWIoU = 1− IoU (Bp, Bgt) + λ · w (Bp, Bgt) (7)

Here, Bp and Bgt denote the predicted bounding box and
the ground truth bounding box, respectively; IoU (Bp, Bgt)
represents the Intersection over Union; λ is the balance co-
efficient, used to control the influence of the weighting term;
w (Bp, Bgt) is the difficulty weighting function, which adapts
the optimization intensity based on sample characteristics.

In adverse weather scenarios, visual degradations such as
fog, rain, and low illumination significantly alter object ap-
pearance and introduce large intra-class variations. To improve

generalization under such domain shifts, we incorporate a set
of data augmentation techniques during training, including
photometric distortion, random scaling, spatial flipping, and
weather-related perturbations [3], [34]. These augmentations
expose the model to diverse visual conditions and object
scales, encouraging the learned representations to be invariant
to environmental changes.

The combination of WIoU-based optimization and data aug-
mentation yields a complementary effect. While data augmen-
tation expands the diversity of training samples and simulates
adverse conditions, WIoU dynamically rebalances the learning
process by focusing on informative samples with reliable
gradients. Together, they promote stable convergence and
improve localization accuracy, particularly for small, occluded,
and low-contrast objects commonly encountered in adverse
weather environments.

IV. EXPERIMENTAL RESULTS

A. Dataset

We evaluated our method on multiple benchmark datasets
for object detection under adverse weather conditions. The
model was trained solely on VOC-FOG and VOC-NORMAL,
without utilizing training or validation images from RTTS,
FOG-Driving, or Foggy Cityscapes. These three datasets were
exclusively employed for cross-domain evaluation to validate
the model’s generalization capability across real-world foggy
conditions and synthetic fog scenarios. The dataset sizes are
summarized in Table I.

a) VOC-FOG: A synthetic fog dataset generated from
PASCAL VOC using an atmospheric scattering model. We use
9,578 foggy images for training, unified into five traffic-related
categories.

b) VOC-NORMAL: The clear-image counterpart of
VOC-FOG, consisting of 9,578 images from PASCAL VOC
(2007+2012), with the same five categories.

c) RTTS: A real-world foggy subset from RESIDE con-
taining 4,322 annotated traffic surveillance images. It is mainly
used to test robustness in real hazy environments.

d) FOG-Driving: A real driving dataset collected under
different fog densities, providing annotations for common
traffic participants. It is used to evaluate performance under
real low-visibility conditions.

e) Foggy Cityscapes: A synthetic fog version of
Cityscapes generated with a physical fog model. We use a
refined subset of 498 images for evaluation in synthetic urban
fog scenarios.

Overall, the dataset is sufficiently comprehensive to sup-
port evaluation under diverse conditions, thereby enabling a
thorough validation of DW-YOLO’s detection performance in
adverse weather.

B. Experimental Details

DW-YOLO is constructed by inserting the proposed DCAM
into the C2f modules at the P3 and P4 multi-scale feature
levels. The regression branch adopts the WIoU loss as the
bounding box regression objective to enhance localisation



Fig. 2. Structure of the proposed Dual Context Attention Module (DCAM), which integrates Short-Distance Attention (SDA) for local geometric feature
modeling and Long-Distance Attention (LDA) for global contextual dependency learning. The module employs multi-branch feature extraction, attention-based
similarity computation, and dynamic positional bias to enhance feature representation under complex weather conditions.

Fig. 3. Comparison of different loss functions during training.

TABLE I
THE NUMBER OF IMAGES IN EACH DATASET AND THE NUMBER OF

ANNOTATED OBJECTS

Dataset Images Person Bicycle Car Motor Bus
VOC–FOG [17] 9578 15288 688 1944 663 539
VOC–NORMAL [17] 9578 15288 688 1944 663 539
RTTS [17] 4322 7950 534 18415 862 1838
FOG–Driving [16] 101 269 17 425 7 17
Foggy Cityscapes [16] 498 1715 525 5291 100 43

robustness under low-contrast and occlusion scenarios.All
models were trained with an input resolution of 640 × 640
for 100 epochs using a batch size of 16. The optimizer fol-
lowed YOLOv8’s automatic selection strategy and ultimately
employed stochastic gradient descent with an initial learning
rate of 0.01, momentum of 0.9, and weight decay of 5×10−4.

A cosine annealing learning rate scheduler with a short warm-
up phase was applied. Automatic mixed precision training
was enabled to accelerate convergence and reduce memory
consumption. The training data consisted of a joint training
set formed by combining VOC-FOG and VOC-NORMAL
samples with a 1:1 mixing ratio. All datasets were unified into
five object categories: person, car, bus, bicycle, and motorbike.
To improve generalisation under domain shifts, various data
augmentation techniques and geometric perturbations were
applied during training. In addition, the 1 × 1 convolutional
weights of the Distribution Focal Loss (DFL) regression layer
in the detection head were frozen throughout training.All
experiments were conducted on a single NVIDIA RTX 3090
GPU.

C. Evaluation Indicators

To comprehensively evaluate the detection performance
of the proposed method, we adopt standard metrics from
the COCO evaluation protocol, including mAP@0.5:0.95,
mAP@0.5, as well as the inference efficiency metric FPS
(Frames Per Second). Given a set of predicted bounding boxes
Bp and ground truth bounding boxes Bgt, the Intersection over
Union (IoU) is defined as:

IoU(Bp, Bgt) =
|Bp ∩Bgt|
|Bp ∪Bgt|

, (8)

where | · | denotes the area of a region.
For a single category, precision and recall are computed as:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, (9)

where TP , FP , and FN represent true positives, false posi-
tives, and false negatives.



Based on these, the Average Precision (AP) is defined as:

AP =

∫ 1

0

P (R) dR, (10)

where P (R) denotes precision at different recall levels.
Following the COCO protocol, two main accuracy indica-

tors are adopted:
mAP@0.5:0.95: Mean Average Precision averaged over IoU
thresholds from 0.50 to 0.95 with a step of 0.05:

mAP50:95 =
1

10

0.95∑
t=0.50

AP IoU=t. (11)

mAP@0.5: Mean Average Precision at IoU = 0.50:

mAP50 = AP IoU=0.50. (12)

In addition to accuracy-oriented metrics, we further evaluate
the inference efficiency:
FPS (Frames Per Second): FPS measures the number of
images processed per second during inference. Following the
timing decomposition of existing real-time detection frame-
works, FPS can be expressed as:

FPS =
1000

Tpre + Tinfer + Tpost
, (13)

where Tpre, Tinfer, and Tpost denote the preprocessing, infer-
ence, and postprocessing time per image (in milliseconds).

Overall, mAP@0.5:0.95 reflects robustness under strict IoU
thresholds, mAP@0.5 measures performance under a lenient
IoU threshold, and FPS indicates real-time execution capabil-
ity. Combined, these three metrics provide a comprehensive
evaluation of both detection accuracy and runtime efficiency.

D. Comparisons With State-of-the-Arts

We evaluate DW-YOLO on three adverse-weather bench-
marks: FOG-Driving, RTTS, and Foggy Cityscapes.

a) FOG-Driving Dataset: Table II and Table III present
the results on the FOG-Driving dataset. As shown in Table II,
DW-YOLO achieves an mAP@0.5:0.95 of 0.397, outperform-
ing all compared methods and improving over D-YOLO [26]
from 0.335 to 0.397. Notably, larger gains are observed on
challenging categories such as bicycle and motor, indicating
improved robustness under low-visibility and occlusion con-
ditions.

The mAP@0.5 results in Table III further confirm the
effectiveness of our method. DW-YOLO achieves 0.488
mAP@0.5, surpassing YOLOv7 [4], YOLOv10 [6], and
TTSDA-YOLO [27]. These improvements can be attributed
to the dual-context attention and WIoU-based optimization,
which enhance feature representation and improve localization
stability in foggy scenes.

TABLE II
COMPARATIVE RESULTS ON THE FOG-DRIVING DATASET

(MAP@0.5:0.95)

Method Person Bicycle Car Motor Bus All
YOLOv8 [5] 0.236 0.371 0.450 0.063 0.422 0.308
AOD-YOLOv8 [19] 0.283 0.185 0.543 0.093 0.392 0.299
MSBDN-YOLOv8 [20] 0.225 0.203 0.511 0.127 0.334 0.280
GridDehaze [18] 0.256 0.211 0.498 0.114 0.369 0.290
DCP-YOLOv8 [7] 0.200 0.160 0.500 0.146 0.345 0.270
IA-YOLO [21] 0.227 0.174 0.506 0.076 0.355 0.268
DSNet [35] 0.235 0.155 0.500 0.051 0.378 0.264
MS-DA YOLO [14] 0.241 0.186 0.473 0.083 0.349 0.266
D-YOLO [26] 0.307 0.227 0.576 0.151 0.412 0.335
DW-YOLO 0.292 0.529 0.492 0.229 0.441 0.397

TABLE III
COMPARATIVE RESULTS ON THE FOG-DRIVING DATASET (MAP@0.5)

Method Person Bicycle Car Motor Bus All
YOLOv8 [5] 0.308 0.418 0.589 0.0063 0.435 0.351
YOLOv5 [5] 0.312 0.206 0.574 0.0000 0.440 0.306
YOLOv10 [6] 0.226 0.237 0.545 0.4860 0.332 0.278
YOLOv7 [4] 0.338 0.474 0.624 0.1450 0.496 0.416
FFA+YOLOv7 [36] 0.335 0.473 0.623 0.1450 0.499 0.415
AOD-YOLOv7 [19] 0.324 0.478 0.605 0.0720 0.420 0.380
MSBDN-YOLOv7 [20] 0.263 0.348 0.584 0.0480 0.474 0.344
R-YOLO [25] 0.314 0.352 0.618 0.1470 0.458 0.378
TTSDA-YOLO [27] 0.369 0.467 0.643 0.1450 0.475 0.422
DW-YOLO 0.436 0.529 0.666 0.2860 0.525 0.488

b) RTTS Dataset: Table IV presents the results
on the RTTS dataset. DW-YOLO achieves the highest
mAP@0.5:0.95 of 0.469, outperforming both dehazing-based
methods (e.g., AOD-YOLOv8 [19], GRIDDEHAZE [18]) and
recent detectors such as D-YOLO [26]. Notably, larger gains
are observed for motor and bus, which are more affected by
scale variation and motion blur in adverse conditions. These
results demonstrate that the proposed method generalizes well
to real-world foggy scenes without requiring explicit image
restoration, benefiting from the dual-context attention and
WIoU-based optimization.

c) Foggy Cityscapes Dataset: Table V summarizes the
results on the Foggy Cityscapes-refined dataset. DW-YOLO
achieves an mAP@0.5:0.95 of 0.357, outperforming all com-
pared methods. Compared with YOLOv8, our method signif-
icantly improves detection performance, and it also surpasses
D-YOLO [26] across all categories. Notably, larger gains are
observed for small and low-contrast objects such as bicycle
and motor, indicating enhanced robustness under challenging
conditions. These results demonstrate strong cross-domain
generalization from synthetic to real foggy scenes, benefiting
from the proposed dual-context attention and WIoU-based
optimization.

Overall, the consistent improvements across datasets
demonstrate that DW-YOLO effectively mitigates domain
shifts and enhances feature robustness under adverse weather
conditions.

E. Qualitative Results

To further validate the effectiveness of the proposed method,
we provide qualitative comparisons on both real-world and
synthetic foggy scenes, as shown in Fig. 4. Compared with



TABLE IV
COMPARATIVE RESULTS ON THE RTTS DATASET (MAP@0.5:0.95)

Method Person Bicycle Car Motor Bus All
YOLOv8 [5] 0.578 0.331 0.450 0.253 0.275 0.377
AOD-YOLOv8 [19] 0.598 0.358 0.407 0.233 0.130 0.345
MSBDN-YOLOv8 [20] 0.589 0.374 0.393 0.209 0.120 0.337
GRIDDEHAZE [18] 0.612 0.386 0.453 0.258 0.146 0.371
DCP-YOLOv8 [7] 0.621 0.393 0.417 0.237 0.139 0.361
IA-YOLO [21] 0.671 0.353 0.414 0.211 0.136 0.357
DSNET [35] 0.566 0.345 0.402 0.198 0.124 0.327
MS-DAYOLO [14] 0.637 0.391 0.479 0.281 0.157 0.389
D-YOLO [26] 0.658 0.402 0.538 0.308 0.242 0.430
DW-YOLO 0.568 0.467 0.517 0.396 0.398 0.469

TABLE V
COMPARATIVE RESULTS ON THE FOGGY CITYSCAPES DATASET

(MAP@0.5:0.95)

Method Person Bicycle Car Motor Bus All
YOLOv8 [5] 0.157 0.087 0.318 0.058 0.124 0.149
AOD-YOLOv8 [19] 0.267 0.174 0.373 0.233 0.192 0.210
MSBDN-YOLOv8 [20] 0.251 0.143 0.369 0.209 0.167 0.195
GRIDDEHAZE [18] 0.274 0.212 0.353 0.258 0.179 0.210
DCP-YOLOv8 [7] 0.236 0.144 0.332 0.237 0.129 0.174
IA-YOLO [21] 0.235 0.127 0.341 0.211 0.130 0.177
DSNET [35] 0.221 0.137 0.323 0.198 0.133 0.169
MS-DAYOLO [14] 0.243 0.141 0.339 0.281 0.161 0.183
D-YOLO [26] 0.311 0.204 0.420 0.308 0.215 0.245
DW-YOLO 0.320 0.379 0.497 0.396 0.252 0.357

(a) Ground Truth (b) YOLOv8 (c) Ours

Fig. 4. Detection results of our proposed method. (a) Ground truth, (b)
YOLOv8, (c) our DW-YOLO. As we can see, DW-YOLO produces more
complete and accurate bounding boxes compared with YOLOv8.

YOLOv8, DW-YOLO yields clearer and more stable detec-
tions under dense fog. It effectively reduces missed detections
and false positives, produces more accurate bounding boxes
for distant and low-contrast objects, and demonstrates clear
advantages on small targets such as pedestrians. These visu-
alization results further confirm the robustness and reliability
of DW-YOLO in complex foggy environments.

F. Ablation Study

To further verify the effectiveness of each component in
DW-YOLO, we conduct an ablation study on the FOG-Driving
dataset. The variants V0–V6 in Table VI are constructed by
gradually activating three key modules on top of the YOLOv8
baseline, including the proposed Dual-Context Attention Mod-
ule (DCAM), the WIoU-based regression loss, and the data
augmentation (AUG) strategies tailored for adverse weather.

V0 corresponds to the vanilla YOLOv8 detector, which
attains an mAP@0.5:0.95 of 0.308 on FOG-Driving and
serves as our reference. Introducing DCAM (V1–V2) con-
sistently improves detection accuracy, reflecting the benefit
of leveraging dual-context features for robust representation

TABLE VI
ABLATION STUDY

Module V0 V1 V2 V3 V4 V5 V6
YOLOv8 ✓ ✓ ✓ ✓ ✓ ✓ ✓

DCAM ✓ ✓ ✓ ✓

WIoU ✓ ✓ ✓

AUG ✓ ✓ ✓

FOG–Driving 0.308 0.352 0.361 0.357 0.369 0.390 0.397

learning under fog-induced visibility degradation. When WIoU
is further employed as the bounding box regression loss (V3),
the localization quality is enhanced, yielding additional gains
over the DCAM-only variants.

Applying weather-aware data augmentation (V4) brings
further improvements by exposing the model to diverse fog
densities and geometric perturbations during training. Finally,
the full configuration that jointly integrates DCAM, WIoU,
and AUG (V6) achieves the best performance, reaching an
mAP@0.5:0.95 of 0.397 on FOG-Driving. This represents a
clear improvement of 8.9 percentage points over the baseline
of YOLOv8, confirming that the proposed components are
complementary and jointly contribute to robust object detec-
tion in adverse weather conditions.

G. Efficiency Analysis

We evaluate our DW-YOLO in efficiency.Experiments were
conducted on the RTTS dataset using the mAP@0.5:0.95 met-
ric, with all tests performed on a single RTX 3090 GPU. The
input image resolution was set to 640×640×3. We compared
our model against various defogging and detection methods.
As shown in Fig. 5, our model demonstrates clear advantages
in terms of parameter count and inference speed, ensuring real-
time prediction performance.

V. CONCLUSION

In this work, we presented DW-YOLO, a robust ob-
ject detection framework designed for adverse weather and
cross-domain scenarios. The proposed method integrates
dual-context feature modeling, WIoU-based regression, and
weather-aware augmentation into a unified architecture. Ex-
periments on RTTS, FOG-Driving, and Foggy Cityscapes
demonstrate consistent performance gains over representative
baseline detectors.



Fig. 5. Inference speed comparison (FPS) and mAP@0.5:0.95 of different
models.

In addition to accuracy improvements, DW-YOLO achieves
higher inference speed through lightweight architectural de-
sign, yielding noticeably higher FPS than most existing robust
detection approaches. This makes the framework more suitable
for real-time deployment in safety-critical applications.

Overall, DW-YOLO effectively mitigates the performance
degradation caused by adverse weather and domain shifts,
providing a practical solution for perception in degraded envi-
ronments. Future work will focus on further improving adapt-
ability and deployment efficiency, including lighter network
designs and potential integration with multi-modal sensing.
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