E:I?é electronics

Article

YOLO-DH: Robust Object Detection for Autonomous Vehicles
in Adverse Weather

Liye Jiang -2, Guanqun Ma -2, Weixuan Guo 12 and Yunhao Sun 3*

check for
updates

Academic Editor: Hua Zhang

Received: 17 October 2025
Revised: 10 November 2025
Accepted: 12 November 2025
Published: 17 November 2025

Citation: Jiang, L.;Ma, G.; Guo, W,;
Sun, Y. YOLO-DH: Robust Object
Detection for Autonomous Vehicles in
Adverse Weather. Electronics 2025, 14,
4476. https://doi.org/10.3390/
electronics14224476

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Chang’an-Dublin International College of Transportation, Chang’an University, Xi’an 710064, China;
2022900712@chd.edu.cn (L.J.); guanqun.ma@ucdconnect.ie (G.M.)

2 School of Mechanical and Materials Engineering, University College Dublin, D04 V1W8 Dublin, Ireland
School of Software, Dalian University of Foreign Languages, Dalian 116044, China

*  Correspondence: sunyunhao@dlufl.edu.cn

Abstract

Although autonomous driving technology has advanced rapidly in recent years, the intrin-
sic complexities of adverse weather conditions pose significant challenges to achieving high
object detection accuracy, despite extensive research on perception systems in autonomous
vehicles. Accordingly, this study proposes a YOLO-based network that integrates the
DHNet residual network for image dehazing with wavelet-based channel attention mod-
ules, specifically tailored for target detection in autonomous driving under adverse weather
conditions. The proposed network introduces a novel channel-value attention mechanism
and sequentially applies wavelet-based soft-thresholding denoising techniques, thereby
improving its sensitivity to discriminative channel information. We further introduce the
first DHNet Dehazing Attention Module, which sequentially combines the DHNet residual
network with the MixDehazeNet hybrid structural dehazing network. This integration syn-
ergistically improves the network’s image dehazing performance. To address dataset class
imbalance, this study incorporates Adaptive Threshold Focal Loss (ATFL), which markedly
improves training efficiency and model robustness. This optimization enhances the model’s
generalization ability for target detection and classification tasks under challenging weather
conditions. Experimental evaluations, including ablation studies and comparative analyses,
demonstrate that the proposed method achieves substantial improvements in accuracy
across three benchmark datasets.

Keywords: attention mechanism; YOLOVS; adverse weather conditions; image dehazing

1. Introduction

Rapid advancements in deep learning methodologies [1] have catalyzed transforma-
tive progress in object detection algorithms [2], especially within autonomous driving
systems [3-5]. Within these developments, the YOLO series [6] has become a foundational
technology for real-time traffic scene perception [7], due to its outstanding balance between
detection efficiency and localization accuracy [8-11]. Existing approaches predominantly
target vehicle, pedestrian, and traffic sign detection under clear weather conditions. By
optimizing feature extraction networks and bounding box regression strategies, these meth-
ods have substantially improved the perception accuracy of backbone networks [12,13].
However, these algorithms largely depend on single-modal visual inputs. Under adverse
weather conditions, such as haze or heavy rainfall, sensor-captured images experience
contrast reduction and detail blurring, resulting in more than a 40% decline in detection
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confidence [14]. Traffic safety studies indicate that under extreme weather with visibility
below 50 m, the false detection rate of autonomous driving systems increases by a factor
of 3.2 compared to normal conditions [15], posing substantial risks to decision-making
processes in complex road environments. These findings highlight a critical bottleneck
in deploying autonomous driving technology: the need to develop weather-robust object
detection frameworks capable of enabling reliable all-weather perception [16].

Adverse meteorological conditions such as fog, rain, and snow in traffic scenarios [17]
severely degrade sensor-captured images, substantially impairing the detection accuracy
and response speed of autonomous driving systems for critical targets [18-21]. Conse-
quently, developing robust object detection frameworks under inclement weather has
become a pivotal research challenge to ensure autonomous vehicle safety [22]. Recent
advancements have primarily focused on image enhancement techniques [23] to improve
visual perception in low-visibility environments [24]. Dense block frameworks [25] en-
hance feature representation via multi-scale attention mechanisms and channel structural
optimizations, achieving superior spatial-contextual modeling by aggregating hierarchical
visual patterns. In this study, we propose a weakly supervised framework for cross-scenario
imaging optimization and investigate low-visibility enhancement using a Multi-Branch
Input Encoder-Decoder Network (MBINEDN) integrated with multi-modal visual deep
learning [26]. These approaches facilitate feature enhancement through multi-scale at-
tention and address imaging optimization challenges in complex scenarios with efficient
computational architectures. However, current methodologies exhibit two critical lim-
itations. First, the decoupled architecture between traditional image enhancement [27]
and detection tasks introduces error propagation throughout the processing pipeline and
limits the effective utilization of latent feature information in degraded images. Second,
existing network architectures, while achieving notable progress in general object detection
tasks, still struggle with accurate predictions, particularly for small-scale objects [28],
where even state-of-the-art methods often produce suboptimal performance below
acceptable thresholds.

Under adverse weather conditions such as haze and heavy rainfall, the channel values
in autonomous driving image target detection systems exhibit significant spectral distortion.
Specifically, in RGB channels, foggy environments induce luminance channel homogeniza-
tion across the entire image, accompanied by contrast attenuation and diminished color
channel differentiation. This phenomenon obscures discriminative target features that are
normally distinct in clear conditions, resulting in blurred inter-channel characteristics for
critical objects like vehicles and pedestrians. In inclement weather conditions involving
snow or rain, white or gray pixel clusters formed by snowflakes and raindrops on captured
images disrupt normal channel value distributions, which manifests particularly in the
luminance channel, generating substantial noise artifacts that impair the channel value
representation of critical edge and texture features in target objects. Furthermore, the
varying degrees of alteration in multi-channel characteristics caused by distinct adverse
weather conditions introduce significant complexity to channel-based feature analysis in
object detection systems.

Under adverse weather conditions such as haze and heavy rainfall, channel values in
autonomous driving image target detection systems undergo significant spectral distortion.
In RGB channels, foggy environments lead to luminance homogenization across the entire
image, accompanied by contrast attenuation and reduced color differentiation. This effect
obscures discriminative features that are normally distinct in clear conditions, resulting in
blurred inter-channel characteristics for critical objects such as vehicles and pedestrians.
Similarly, in snow or rain, clusters of white or gray pixels formed by snowflakes or rain-
drops disrupt normal channel value distributions, particularly in the luminance channel,
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generating noise artifacts that degrade the representation of edges and texture features
in target objects. Moreover, the varying degrees of multi-channel alteration caused by
different adverse weather conditions introduce substantial complexity to channel-based
feature analysis in object detection systems.

Yongzhen Wang et al. [29] proposed USCFormer, a unified Transformer-based dehaz-
ing method with semantic contrastive learning that combines the complementary strengths
of CNNs and Transformers. This framework leverages semantic priors to construct a con-
trastive learning paradigm, optimizing transmission rate estimation for enhanced image
restoration. However, the computational complexity of the Transformer limits real-time
adaptability, and the generalization of semantic priors under complex dynamic lighting
remains a challenge. Liu Xiao-hong et al. [30] introduced GridDehazeNet+, a model-free
dehazing method that achieves haze removal and improved real-world scene adaptabil-
ity through multi-module operations. While it enhances image quality via end-to-end
multi-level feature optimization, the grid architecture incurs high computational overhead,
limiting real-time performance under extreme haze. Wang et al. [31] further proposed
Cycle-SNSPGAN, an unsupervised dehazing method leveraging cycle-consistent gener-
ative adversarial networks to demonstrate strong generalization and detail restoration.
Nevertheless, its complex network architecture reduces computational efficiency, and per-
formance under extreme haze requires further improvement. Aryan Mehra et al. [32]
developed ReViewNet, a lightweight dehazing network achieving efficient haze removal
through multi-component collaboration. While offering real-time potential and robust gen-
eralization, it requires further optimization in transmission rate stability, dynamic lighting
adaptation, and computational overhead of multi-perspective feature fusion. He et al. [33]
presented a weakly supervised dehazing approach using collaborative dense blocks and
multi-dimensional attention to enhance imaging quality in complex media, but robustness
under extreme conditions and real-time performance still need improvement. Liu et al. [34]
proposed a foggy weather object detection method combining multi-modal feature fusion
with YOLOV3 for improved detection efficiency and accuracy, yet it struggles with feature
degradation under extreme fog, high computational cost, and generalization across diverse
weather. Wei Xing et al. [35] introduced DADENet, a joint dehazing network enhancing
dehazing accuracy and depth estimation via multi-module collaboration, though: its cas-
caded design limits real-time adaptability, cross-weather generalization, and cross-dataset
robustness. Zhanwen Liu et al. [36] proposed UFEM, an unsupervised feature enhancement
method for robust performance in complex scenes, but convergence stability, computational
complexity, and channel correlation generalization under extreme weather require further
evaluation. Wei Zhou et al. [37] proposed RRPD/NRBP, a no-reference quality assessment
method to capture image distortion, showing strong discriminative ability; however, cross-
dataset generalization, extreme fog robustness, and real-time efficiency need validation.
Finally, Xiongkuo Min et al. [38] developed DHQI, a no-reference dehazing quality metric
with a large-scale multi-feature database. While providing strong discriminative capability
and open-source deployment, high online computational complexity, feature adaptability
under extreme haze, and assessment under varying illumination and dynamic weather
remain challenges.

To address this problem and meet the practical requirements for high accuracy and
real-time performance, this study proposes a novel YOLO-based network for autonomous
driving target detection in adverse weather conditions, integrating a DHNet residual
network for dehazing with a wavelet channel attention module. The proposed network
achieves enhanced sensitivity to channel-specific features by sequentially integrating an
innovative channel value attention mechanism with wavelet soft-threshold denoising
technology, while maintaining only a minor increase in model complexity. Furthermore, it
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incorporates a dehazing attention mechanism module that combines the DHNet residual
network and the MixDehazeNet hybrid architecture for image dehazing in a step-wise
manner, significantly improving haze removal capability. Additionally, to address the issue
of dataset class imbalance, the system incorporates the Adaptive Threshold Focal Loss
(ATFL), enabling more efficient and robust model training, thereby enhancing performance
in target detection and classification tasks under adverse weather conditions. The main
contributions of this study can be summarized as follows.

(1) Innovative Proposal of WTCAM Module. The WTCAM (Wavelet Threshold Channel
Attention Module) innovatively integrates wavelet soft-threshold denoising with
channel attention mechanisms. By leveraging wavelet soft-threshold denoising for
noise suppression and dynamically calibrating feature responses through channel
attention, this module achieves effective noise removal, strengthens key information
channels, and enhances critical feature extraction.

(2)  First Proposal of DHMD module. The DHMD (Dehazing-Halo Mitigation Detector)
module is the first to establish a coupled system based on DHNet and MixDehazeNet,
incorporating bidirectional residual feature propagation paths. This architecture
effectively suppresses halo artifacts while restoring detailed road surface textures.

(3) Proposed YOLO-DH Model. The YOLO-DH model integrates the WTCAM module
and DHMD module by replacing all original C2f modules with C2f-WTCAM modules
and embedding the DHMD dehazing module after the backbone network and the
generation of P3/8 feature maps in the detection head. By incorporating Adaptive
Threshold Focal Loss (ATFL) with dynamic category weighting coefficients and hard
example mining mechanisms, the model effectively alleviates the class imbalance
issue between small targets (e.g., pedestrians, animals) and background. Experimental
results on three public datasets demonstrate its superior performance compared to
YOLOVS.

2. Basic Theoretical Research

This section presents two novel modules: the Wavelet Transform-based Channel At-
tention Mechanism (WTCAM) and the Dehazing and Meteorological Disturbance Module
(DHMD). The WTCAM enhances the model’s ability to extract channel features and im-
prove object detection performance through adaptive channel recalibration and multi-scale
spatial-contextual modeling. The DHMD module focuses on improving dehazing per-
formance and mitigating the effects of adverse meteorological conditions. In addition,
we introduce the Adaptive Threshold Focal Loss (ATFL), which strengthens the model’s
attention to hard-to-classify samples and addresses class imbalance, thereby improving
both training efficiency and detection robustness. Finally, we present an integrated system
architecture that combines these components to achieve high-performance object detection
under severe weather conditions.

2.1. Wavelet Transform-Based Channel Attention Mechanism (WTCAM)

Wavelet Soft Thresholding Denoising (WSTD) is an improved variant of the conven-
tional Wavelet Thresholding Denoising (WTD) method, based on the principles of wavelet
transform. As a widely adopted signal denoising technique, WTD effectively suppresses
noise in raw data while minimizing signal distortion and information loss [39—41], thereby
significantly enhancing the accuracy of time-series prediction models. The soft-thresholding
function in WSTD, as expressed in Formula (1), preserves continuity within the range of
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the estimated wavelet coefficients, overcoming the tendency of conventional thresholding
methods to introduce oscillations during wavelet reconstruction.
A ign(Wy)(| Wy | =A), | Wy [Z A
W, = sign(Wx) (| Wx | )| Wy | 1)

0,] Wy <A

where W, represents the wavelet transform coefficient, A is the threshold, sign(-) denotes
the sign function, and W, is the estimated wavelet coefficient after thresholding.

The Channel Attention Mechanism (CAM) models inter-channel relationships through
internal feature dependencies, adaptively enhancing critical channel representations. As
shown in Formula (2), the input feature map passes through two parallel MaxPool and
AvgPool layers, reducing its spatial dimensions from C*H*W to C*1*1. Subsequently, it is
processed by a Shared MLP module. Within this module, the channel dimension is first
compressed to 1/r of the original (where 1/t is the reduction ratio), then expanded back
to the original channel count. After applying the ReLU activation function, two activated
outputs are generated. The two output results are first summed element-wise, then passed
through a sigmoid activation function to generate the final Channel Attention output. This
output is subsequently multiplied with the original feature map, restoring its dimensions
to C*H*W.

M (F) = c(MLP(AvgPool(F)) + MLP(MaxPool(F))) ()

Among them, F is the input feature map, AvgPool and MaxPool represent global
average pooling and global max pooling operations, respectively, MLP denotes a multi-
layer perceptron, ¢ is the Sigmoid activation function, and M, (F) is the channel attention
weight matrix.

This study integrates wavelet soft-threshold denoising with channel attention mecha-
nisms to construct the WTCAM module. As shown in Figure 1, the noisy signal (adverse
weather image) first undergoes wavelet transformation, decomposing it into wavelet
coefficients of different scales and frequencies. For instance, after multi-layer wavelet
decomposition, the image will generate low-frequency approximation coefficients and
high-frequency detail coefficients. By setting appropriate thresholds for these wavelet
coefficients and applying a soft-thresholding function, coefficients with absolute values
smaller than the threshold are set to zero, while those exceeding the threshold undergo
shrinkage. After removing noise-corrupted coefficients, the denoised signal is reconstructed
into the original signal space through inverse wavelet transform, yielding a preliminary
noise-reduced signal. The signal is then fed into a convolutional neural network (CNN) to
extract feature maps from different channels. Global average pooling is applied to compress
each channel’s feature map into a scalar value. Subsequently, a fully connected layer or
a simple network with activation functions calculates the attention weight for each chan-
nel. Finally, these weights are multiplied with the original feature maps of corresponding
channels to achieve feature recalibration through channel-wise reweighting. To address
the degradation issues of channel values in autonomous driving images under adverse
weather conditions (including brightness/contrast imbalance, color inaccuracy, and noise
interference), this paper integrates the WTCAM module with the C2f’s convolutional layer
to enhance the model’s sensitivity to channel-specific feature representations.

Unlike traditional channel attention modules such as SE (Squeeze-and-Excitation)
and CBAM (Convolutional Block Attention Module), the proposed Channel Value Atten-
tion mechanism introduces a wavelet-domain calibration process that directly captures
the frequency-domain correlations of channel values rather than relying solely on spatial
pooling operations. Specifically, by integrating wavelet soft-thresholding, the WITCAM
module dynamically suppresses noise components in high-frequency sub-bands and am-
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plifies discriminative low-frequency responses before channel reweighting. This two-stage
denoising-recalibration design allows for the network to enhance contrast-sensitive chan-
nel information degraded by adverse weather. Consequently, the proposed mechanism
achieves a more physically interpretable and weather-adaptive attention process, funda-
mentally differing from the purely statistical feature weighting used in SE or CBAM.

Wavelet soft threshold denoising
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Figure 1. WTCAM (Wavelet Threshold Channel Attention Module) structure diagram.

2.2. Dehazing Module Based on DHNet Residual Network (DHMD)

To address the challenges of low contrast, reduced saturation, and color distortion
in UAV aerial images of forested areas under haze conditions, Lu et al. [42] proposed the
DHNet residual network module, as formulated in Equations (3) and (4). This architecture
incorporates information transfer modules at each level of the backbone network, trans-
forming feature maps into weight maps for selective filtering and inter-layer transmission.
Thresholding at the receiving end mitigates the adverse effects of redundant information.
Through dense connections, the network enhances global dehazing performance and im-
proves haze removal quality across both high-frequency and low-frequency regions in
forest UAV images.

The Global Feature Fusion (GFF) module selectively filters and extracts features from
other layers while facilitating inter-layer feature transmission. By employing a gating
mechanism to evaluate the usefulness of information, it effectively reduces redundancy. The
weighting formula for quantifying feature vector importance is presented in Equation (3).

N
Xo=(1+Gn)Xu+(1-Gy) ), G-X; (3)
i=1,i#n

After feature transmission, the incorporation of a Densely Fused Network (DFN)
module with dense connections can enhance information density, thereby optimizing the
overall structure, chromaticity, and luminance performance in image dehazing. Following
the output of the Gated Fully Fusion (GFF) module in the backbone network, a Dense
Feature Pyramid (DFP) module is employed to encode the output information, capturing
global contextual features.

yi = H; (yn/XL : --,XH) (4)

In the formula, y, represents the output of the nth layer in the backbone network,
):(n denotes the output of the ith module in the Global Feature Fusion (GFF), and H; refers
to a single convolutional layer. The role of the Dynamic Feature Network (DFN) is to
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combine the outputs from GFF with the convolutional layers of the backbone network,
thereby further improving the overall quality of the dehazed image.

The use of large convolutional kernels often overlooks the multi-scale characteristics
inherent in images, while the conventional serial arrangement of attention modules is insuf-
ficient for addressing the inhomogeneous distribution of fog. To overcome these limitations,
Chan et al. [43] proposed MixDehazeNet, which introduces a Multi-Scale Parallel Large
Convolution Kernel Module (MSPLCK, defined in Formula (3)) and an Enhanced Parallel
Attention Module (EPA, described in Formulas (5)—(10)). Compared with single large
convolution kernels, multi-scale parallel large convolution kernels better preserve texture
details during dehazing. Additionally, the EPA module leverages parallel connections
of attention mechanisms, achieving improved handling of uneven haze distribution [44].
Extensive experiments on three benchmark datasets demonstrate the effectiveness of this
approach in enhancing dehazing performance.

x1 = PWConv(%),
xp = Conv(xy),
x3 = Concat(DWDConv19(x3), (5)
DWDConv13(x3),
DWDConuv7(x3))

Here, PWConv denotes pointwise convolution. Conv represents standard convolution
with a kernel size of 5. DWDConv19 indicates a depthwise dilated convolution with an
effective kernel size of 19 (equivalent to a 7 x 7 kernel with a dilation rate of 3). DWD-
Conv13 corresponds to a depthwise dilated convolution with an effective kernel size of 13
(equivalent to a 5 x 5 kernel with a dilation rate of 3). DWDConv?7 refers to a depthwise
dilated convolution with an effective kernel size of 7 (equivalent to a 3 x 3 kernel with a
dilation rate of 3). Finally, Concat denotes channel concatenation of features.

y = x + PWConv(GELU(PWConv(x3))) (6)

Next, x3 is fed into a multilayer perceptron (MLP) that transforms its feature dimen-
sions to match those of x. This MLP comprises two pointwise convolution layers and
utilizes the GELU activation function. The MLP output is then added to the identity short-
cut connection xxx. We hypothesize that this MLP not only facilitates the fusion of three
distinct feature types, but also plays a crucial role in capturing and fitting dehazing-related
features [44].

PF; = Conv(PWConuv(%))
PAg = Sigmoid(PWConu(%)), (7)
F; = PF; ® PA;

Among them, the feature extraction branch (PF;) and the pixel gating branch (PAs) are
designed to work synergistically. Here, PA; serves as the pixel-wise gating signal for PF;,
where PWConv denotes element-wise multiplication, CONV represents pointwise convo-
lution (1 x 1 convolution), and CONV3 x 3CONV3 x 3 indicates standard convolution
with a kernel size of 3. The pixel attention module incorporates PA, branches, enabling the
extraction of global pixel-wise gating features.

PA, = Sigmoid(PWConv(GELU(PWConv(%)))),

8
F, = £ @ PA,. ®)

The network employs a PWConv-GELU-PWConv structure to fit feature representa-
tions. The Sigmoid function is utilized to extract global pixel-wise gating features, then
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—

PA, is applied as global pixel gating signals to modulate feature maps of £ through element-
wise multiplication.

Channel attention mechanisms can effectively capture global information and adjust
the feature representation across channel dimensions. They typically incorporate a CA,
branch to extract holistic channel characteristics.

CA. = Sigmoid(PWConv(GELU(PWConv(GAP(%))))),

9
F =2®CA.. ®)

The global channel gating features are extracted by sequentially applying Global
Average Pooling (GAP), PWConv-GELU-PWConv layers, and Sigmoid functions, then CA,
is utilized as global channel gating signals of £ for feature recalibration.

F = Concat(F;, F., Fy)

y = x + PWConv(GELU(PWConv(F))) (10

First, concatenate the outputs of three distinct attention gating mechanisms along
the channel dimension. Subsequently, apply a multi-layer perceptron (MLP) composed of
PWConv-GELU-PWConv layers to reduce the concatenated feature’s channel dimension to
match the input x. Finally, the output of the MLP is combined with the identity shortcut
connection £ through summation.

As shown in Figure 2, this study integrates the dense residual network DHNet with
the dehazing module to learn the non-linear mapping between degraded and clear images.
This approach aims to enhance the network’s adaptability to non-uniform haze distribution,
thereby improving image quality. By sequentially combining the DHNet module with the
MixDehazeNet module, the system effectively fuses their complementary advantages. The
DHNet module is specifically designed for images with channel-value blurring charac-
teristics under adverse weather conditions. Its Gated Feature Fusion (GFF) module (as
shown in Formula (5)) effectively transfers and filters multi-level features through a gated
mechanism, enhancing image details and color restoration. Additionally, the Deep Feature
Network (DFN) module (as shown in Formula (6)) optimizes the overall image quality by
refining feature interactions and contextual modeling. The MixDehazeNet module, with its
hybrid structure blocks, enhances feature extraction capabilities and demonstrates superior
adaptability to complex fog conditions.

GFF4 GFF3 GFF2 GFF1
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-— +—— max e— conv +—
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Figure 2. DHMD structure diagram.

The integration of DHNet with MixDehazeNet is not arbitrary, but is theoretically
motivated by their complementary feature-learning paradigms. DHNet, as a residual-based
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architecture, emphasizes local structural recovery through gated feature fusion and dense
connections, effectively restoring fine-grained textures. In contrast, MixDehazeNet focuses
on global contextual perception via multi-scale large-kernel convolutions and enhanced
attention modules. By coupling these two models sequentially, DHMD enables hierarchical
learning—DHNet first reconstructs high-frequency spatial details, while MixDehazeNet
subsequently optimizes low-frequency global luminance and color consistency. This de-
sign ensures that both local and global degradations in hazy images are simultaneously
corrected, providing a theoretically grounded synergy rather than an ad hoc combination.

By integrating the DHNet module (specialized in handling blurry scenes) with MixDe-
hazeNet’s hybrid architecture, this combination leverages the scene-adaptive properties
of DHNet while capitalizing on the mixed structure blocks of MixDehazeNet to improve
processing across diverse fog scenarios [44]. This integration is expected to significantly
enhance dehazing performance, achieving superior results in tasks involving varying fog
densities and scene complexities. It optimizes both visual quality and detail preservation
in dehazed images.

2.3. Adaptive Threshold Focal Loss (ATFL)

In autonomous driving datasets for adverse weather conditions, the application of
Adaptive Threshold Focal Loss (ATFL) is widespread. These datasets suffer from class
imbalance issues, where background samples significantly outnumber foreground target
samples. Under harsh weather scenarios, irrelevant background information dominates,
while critical target samples (e.g., vehicles, pedestrians) are sparse. The Adaptive Threshold
Focal Loss (ATFL) optimizes traditional cross-entropy loss by adaptively adjusting thresh-
olds based on sample-related features, enabling precise identification of hard-to-classify
samples and dynamic allocation of loss weights. Compared to conventional Focal Loss,
ATFL demonstrates superior adaptability to diverse sample distributions across datasets. In
this study, we introduce the Adaptive Threshold Focal Loss function to enhance model train-
ing efficiency and robustness, significantly improving model performance in challenging
tasks such as target detection and classification under adverse weather conditions.

For easy-to-classify samples, we expect the loss value to decrease as the predicted prob-
ability p; increases, thereby further reducing the contribution of such samples to the total
loss. At the beginning of training, even the predicted probabilities of easy samples are rela-
tively low, but as training progresses, these probabilities gradually increase. Consequently,
their corresponding loss values should asymptotically approach zero. The predicted proba-

bility values of true targets pAC can be mathematically modeled to dynamically guide the

training process.
t—1

-
Pe =005 x —= 3" P +095 x p, (11)
T i=0

In the formula, pAC represents the predicted value for the next training epoch, p; denotes
the current average predicted probability value, and p; indicates the average predicted
probability value for each training epoch. Based on Shannon’s information theory, the
adaptive modulation factor Y can be expressed as

Y = —In(p.) (12)

However, during the later stages of network training, the expected probability values
become excessively large, which reduces the proportion of hard samples. We denote # as

n=—1In(pt) (13)
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Therefore, the mathematical expression of the Adaptive Threshold Focal Loss (ATFL)
can be derived as
~(A=p)” """ log(pr)pr <= 05

5 14
—(1 = po) ") og(py)pr > 0.5 (14

ATFL = {

2.4. Overall Network

As shown in Figure 3, the proposed YOLO-DH is an improved version of YOLOvS.
The model input is a three-channel image resized to 640 x 640 x 3.

C2f-WT
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1x1Conv-num_class
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1x1Conv-4*reg_max
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Figure 3. YOLO-DH architecture.

In the traditional YOLOVS8 architecture, the C2F module serves as the fundamental
building block. Under low-light conditions (e.g., nighttime, tunnels) or dense fog scenarios,
the overall brightness of images significantly decreases, causing pixel information reflected
by channel values to become dim and blurred. To enhance the model’s sensitivity to
channel-wise features, all original C2F modules are replaced with the C2f-WTCAM module.

The backbone network serves as the core of the model, responsible for extracting
features from images. It primarily consists of multiple convolutional layers and downsam-
pling layers, with the introduction of residual connections and bottleneck structures to
reduce model complexity while enhancing performance. In this study, the DHMD dehazing
module is integrated into the backbone network. By removing fog interference before the
image enters deeper feature extraction layers, subsequent convolutional layers can more
effectively capture the intrinsic features of the image. This design prevents haze from
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degrading feature extraction and significantly improves the overall feature representation
capability of the model.

The head module is responsible for the final target detection and classification. In
YOLOVS, there are three detection heads designed to detect targets of three different sizes.
In this study, we introduce the DHMD Dehazing Module after the generation of the P3/8
feature map to enhance the feature representation of small targets in foggy environments.
Since the P3/8 feature map primarily handles small target detection, the dehazing operation
improves the clarity of small targets, thereby boosting their detection accuracy.

The YOLOVS loss function consists of two components: bounding box regression loss
(CloU + DFL) and class classification loss (VFL). In adverse weather conditions, the blurred
features of target objects exacerbate the positive-negative sample imbalance issue. For
example, large background areas obscured by fog or rain are prone to be misclassified
as negative samples, while true target objects (positive samples) are significantly fewer
in comparison. Focal Loss addresses class imbalance by assigning varying weights to
samples of different difficulty levels, prioritizing hard-to-classify samples while reducing
the influence of easily classified ones. This mechanism enables models to focus on accu-
rately identifying blurred or ambiguous targets in adverse weather conditions (e.g., fog,
rain), thereby minimizing classification errors. During training, we employ the Adaptive
Threshold Focal Loss (ATFL) to further enhance classification accuracy.

3. Experimental Results and Discussion

This section first introduces the construction process of the autonomous driving image
dataset, experimental environment setup, and evaluation metrics for experimental results.
Subsequently, through extensive experiments, the proposed target detection network
(YOLO-DH) is comprehensively compared with existing mainstream object detection
networks, including YOLOv5, YOLOv6, YOLOvS8, YOLOvV10, and YOLOv11.

3.1. Dataset

This paper introduces three datasets: COC0O2017, RTTS, and KITTI. Table 1 provides
a comprehensive overview of these datasets, detailing the following characteristics for
each: training-test dataset configurations, annotation types, resolution, image sources, and
dataset scale.

Table 1. Detailed descriptions of COCO2017, RTTS, and KITTI datasets.

Datasets C0OCO02017 RTTS KITTI
Number of Classes 80 5 8
Training Set Size 118,287 3025 7481
Test Set Size 5000 1297 7518
Annotation Type Object Detection Object Detection Object Detection
Resolution 640 x 640 640 x 640 1280 x 384
. Vehicle Visionand ~ Vehicle Vision and
General Object
Image Source - Autonomous Autonomous
Detection L. ..
Driving Driving
Dataset Size 25 GB 1G 12 GB

Prior to training, all images from the COCO2017, RTTS, and KITTI datasets were
preprocessed and augmented to ensure consistency and enhance model robustness. Each
image was resized to 640 x 640 pixels, normalized to the [0, 1] range, and converted to
RGB format. Basic contrast-limited adaptive histogram equalization (CLAHE) was applied
to mitigate low-visibility effects in hazy scenes.
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Data augmentation techniques, including random horizontal flipping (p = 0.5), random
rotation (£10°), brightness and contrast adjustments (£15%), and Gaussian noise injection,
were employed during training to improve generalization under diverse weather and
illumination conditions.

For experiments involving both synthetic (RTTS) and real-world (COCO2017, KITTI)
datasets, a 3:2 ratio between real and synthetic samples was maintained in each training
batch. Domain discrepancies were alleviated through normalization of pixel intensity
distributions and adaptive fine-tuning of the early convolutional layers.

These preprocessing and augmentation procedures ensure that the proposed model is
trained on a diverse and balanced dataset, improving robustness to variations in visibility,
illumination, and domain characteristics.

3.2. Experimental Setup

During the model training process, all experiments were conducted under the software
environment of Windows 11, Python 3.8, and PyTorch 1.12. The training configuration
includes the following settings: learning rate of 0.001, batch size of 16, 350 training epochs,
and the use of the Adam optimizer. The hardware platform is configured as follows: CPU:
Intel Core i9-10900K (10 cores/20 threads, base frequency 3.7 GHz, max turbo frequency
5.3 GHz, 14 nm process, TDP 125W)145, GPU: NVIDIA GeForce GTX 3090 (24 GB GDDR6X
VRAM, 35,580 GFLOPS at FP16 precision), Acceleration Libraries: CUDA 11.1, cuDNN
8. The evaluation metrics include Precision, Recall, mean Average Precision at 50% IoU
(mAP®@0.5), Floating Point Operations (FLOPs), Frame Rate (FPS), and Model Parameter
Count (Params).

To ensure full reproducibility, the evaluation protocol is explicitly defined. For each
dataset, the samples are randomly divided into training, validation, and test sets with
ratios of 70%, 15%, and 15%, respectively. The model is trained for 350 epochs with a batch
size of 16 using the Adam optimizer and an initial learning rate of 0.001. To guarantee
experimental consistency, the random seed is fixed at 42 across all runs. During evaluation,
the model performance is reported as the average of three independent runs to minimize
the impact of stochastic variations.

3.3. Experimental Results
3.3.1. Ablation Experiment

To investigate the contributions of different components in the proposed method, an
ablation experiment was conducted on the RTTS dataset. The experimental results are
shown in Table 1. Method (a) is the original YOLOv8n model. In method (b), only the
Adaptive Threshold Focal Loss (ATFL) is applied to the original YOLOv8n. From the
results, the FPS of the model is slightly improved, and both mAP@50 and mAP@50-95 are
increased by 0.7%. The number of model parameters changes little, which verifies that ATFL
can achieve relatively excellent results for the data imbalance problem in the autonomous
driving dataset. In method (c), after adding ATFL, the proposed Dehazing Module (DHMD)
is added before the P3/8 layer of the backbone network and after the generation of the
P3/8 feature maps of the detection head. Improvements of 0.9%, 2.3%, 2.9%, and 2.4% are
achieved in the P, R, mAP@50, and mAP@50-95 metrics, respectively. Only 875,594 bits of
parameters are added, but the GFLOPS parameter increases by 12 points. This is because
more complex structures or operations are introduced to improve the performance such
as detection accuracy. It is a trade-off between sacrificing a small part of the inference
speed and hardware performance requirements to improve the accuracy. Method (d) adds
the proposed Weighted Transformer Channel Attention Module (WTCAM) on the basis
of method (b). The P and R metrics are slightly improved compared with method (b).
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precision

Although the mAP@50 and mAP@50-95 metrics change little, it is sufficient to show that
this module can slightly improve the channel feature extraction ability of the model. It
can be seen that the approach of blindly pursuing the data extraction ability of the model
for images in bad weather without dehazing treatment is not advisable, and the benefits
are not optimistic. Method (e) is the proposed YOLO-DH model, as shown in Figure 4
and Table 1. Compared to the original algorithm, with a small loss in GFLOPS, FPS, and
the number of parameters, the P, R, mAP@50, and mAP@50-95 are increased by 2.8%,
2.3%, 3%, and 2.7%, respectively. For more information, please refer to Figures 4 and 5,

Tables 2 and 3.
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Table 2. Ablation study results of the proposed method on the RTTS dataset.
Method Loss DHMD WTCAM P R mAP@50 mAP@s0-95  Nemberof o gpg  Frame
Parameters Rate
a 0.784 0.64 0.718 0.463 3,011,823 8.2 59.49
b v 0.79 0.64 0.725 0.47 3,011,823 8.86 61.23
c Vv Vv 0.793 0.663 0.747 0.487 3,887,417 20 4494
d Vv Vv 0.8 0.641 0.727 0.477 3,079,831 8.4 59
e Vv Vv v 0.812 0.663 0.748 0.49 3,955,041 20.2 43.53
Table 3. Comparison of mAP@50 for specific categories in the model ablation study on the
RTTS dataset.
Method All Person Bus Car Motorcycle Bicycle
a 0.718 0.789 0.634 0.853 0.678 0.644
b 0.725 0.787 0.643 0.855 0.683 0.658
c 0.747 0.814 0.673 0.868 0.707 0.675
d 0.727 0.798 0.628 0.851 0.695 0.654
e 0.748 0.818 0.647 0.868 0.718 0.687
3.3.2. Comparative Analysis with Other Methods
Table 3 presents the quantitative comparison results between the proposed YOLO-
DH and other detection models. Overall, our model outperforms other methods across
most metrics on three datasets. On the COC0O2017 dataset, YOLO-DH achieves the best
performance in Precision (P) and mAP@50, with significant improvements of 2.2% and 1.4%
in P and mAP@50 metrics compared to the runner-up model. On the RTTS adverse weather
dataset, YOLO-DH outperforms all other comparison models across all metrics, achieving
improvements of 2.2% in Precision (P), 2.3% in Recall (R), 3% in mAP@50, and 2.7% in
mAP@50-95 compared to the second-best model. On the KITTI dataset, the proposed model
remains the top performer, surpassing all competitors. For more details, please refer to
Table 4, Figures 6 and 7.
Table 4. Comparative study of the proposed model with state-of-the-art methods on three publicly
available datasets.
COCO2017 RTTS KITTI
Method
P R mAP@50 mAP@50-95 P R mAP@50 mAP@50-95 P R mAP@50 mAP@50-95
YOLOV5 0.709  0.634 0.713 0.537 0.752  0.632  0.709 0.455 0.524 0475 0478 0.287
YOLOvV8 0.744  0.657 0.729 0.498 0.784 0.64 0.718 0.463 0.892 0.813  0.581 0.387
YOLOV10 0.775  0.657 0.727 0.47 0.738 0.622  0.697 0.447 0914 091 0.903 0.681
YOLOv11 0.765 0.593 0.702 0.534 0.79 0.1 0.714 0.457 0.834 0701 0778 0.531
YOLO-DH  0.787  0.655 0.743 0.484 0.812 0.663  0.748 0.49 0921 091 0.908 0.679
YOLOVS YOLOVS YOLOVS

YOLO-DH

N

YOLOvI1

[P IR JmAP@s0

mAP@50-95 [ IP[IR[_ImAP@s0 mAP@50-95 [ Jp[JR[ JmAP@s0 MAP@50-95
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YOLOv10 YOLOvl1 YOLOv10 YOLOvI1 YOLOvVIO

Figure 6. Experimental results radar chart for three publicly available datasets.
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Figure 7. Performance comparison of three publicly available datasets.

We added qualitative visualizations to illustrate the perceptual improvements
achieved by the proposed model. Specifically, for selected scenes under adverse weather
conditions, we present images before and after dehazing, alongside corresponding de-
tection results. These visual examples clearly demonstrate enhanced image clarity and
improved detection of target objects such as vehicles and pedestrians. The figures com-
plement the quantitative metrics reported in the experiments, allowing readers to visually
appreciate the effectiveness of our preprocessing and detection pipeline under challenging
weather scenarios.

4. Conclusions and Future Work

In this paper, we propose a novel Weather-aware Threshold Channel Attention Module
(WTCAM) to enhance sensitivity to channel-wise features in adverse weather images.
Additionally, we introduce the DeHazing Module for Detection (DHMD) for the first
time, which is integrated into both the backbone network and detection head of YOLOVS,
significantly improving dehazing performance. The resulting model, named YOLO-DH.
Extensive experimental results demonstrate that our proposed method exhibits strong
generalization capabilities across three publicly available datasets. Although it introduces
a slight increase in model complexity and hardware requirements, the approach achieves
a significant improvement in accuracy. In future work, we aim to reduce the loss in
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model complexity while maintaining the substantial accuracy gains, thereby enhancing its
practicality for real-world deployment scenarios.

Despite the promising results achieved, this study still has several limitations. First, the
experimental evaluation is primarily conducted under daytime and moderate-visibility con-
ditions; thus, the model’s performance under nighttime scenarios or extreme low-visibility
environments (e.g., heavy fog, blizzards, or glare interference) has not been extensively
validated. Second, while the proposed YOLO-DH framework demonstrates robustness on
benchmark datasets, real-world deployment scenarios may involve domain shifts such as
sensor variations and dynamic lighting conditions that could affect generalization. Finally,
the current model introduces a moderate increase in computational cost, which may limit
its direct application in embedded or real-time edge devices. These limitations will be
addressed in future work through dataset expansion, domain adaptation strategies, and
lightweight model optimization.
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