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Abstract

This paper proposes CDH-YOLO, an efficient, real-time pedestrian detection model
for nighttime RGB images. Built on YOLOv5, CDH-YOLO incorporates struc-
tural reparameterization to optimize the backbone network and integrates con-
volutional block attention module to enhance feature representation. Transposed
convolution replaces nearest neighbor interpolation for upsampling to preserve se-
mantic information. A lightweight decoupled head addresses spatial misalignment
between classification and regression tasks, while SIoU loss improves training con-
vergence and localization accuracy. Experiments on the KAIST dataset demon-
strate that CDH-YOLO achieves superior accuracy with real-time performance,
significantly outperforming existing methods in nighttime pedestrian detection.

Keywords: Convolutional block attention module (CBAM), decoupled head,

structure reparameterization, YOLO

1 Introduction

Being a core component of computer vi-
sion, object detection is ubiquitously utilized
across various sectors including but not limited
to industry, agriculture, healthcare and other
fields, and it relies heavily on an extremely

deep convolutional neural network to extract
the most salient features. [1] Object detection
usually identifies and locates the interested ob-
ject in the image by determining the location
in the dataset. Among object detection tech-
niques, pedestrian detection has become a ma-
jor research focus across various fields. As a
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key component of autonomous driving, pedes-
trian detection assists drivers in accurately and
quickly avoiding pedestrians during the driving
process. Thus the traffic safety can be effec-
tively improved. Due to the extensive study of
pedestrian detection technology. However, be-
cause the night scene is affected by the lighting
conditions, the contrast difference of the pic-
tures is large, and the color information is small,
The phenomenon of missed and erroneous de-
tections often occurs, which leads to present
popular visual detection algorithms not being
able to perform well in detection tasks. There-
fore the detection ability of pedestrian detec-
tion algorithm under low-light conditions has
evolved into a pressing issue that requires an
immediate solution.

In the past decade, improved multimodal
detection algorithms built upon classical algo-
rithms have achieved better detection results,
such as the combination of infrared devices and
radar and other devices with object detection
algorithms. Zhang et al. [2] developed LDHD-
Net, a lightweight infrared detection algorithm
with advanced feature extraction and atten-
tion modules to improve UAV detection accu-
racy and reduce false alarms in complex scenes.
Wei et al. [3] proposed a pedestrian detection
approach combining an enhanced UNet with
YOLO, integrating visible and infrared data to
improve accuracy in challenging infrared con-
Shang et al.  [4] combine infrared
cameras with millimeter-wave radar to enhance
nighttime pedestrian detection. By aligning
and processing the two data sources separately,
radar data compensates for missed infrared de-
tections, significantly improving detection suc-
cess in night scenes. Xue et al. [5] propose a
real-time method for pedestrian detection that
utilizes multi-channel attention fusion, which
extracts features from two patterns and then
fuses them by a pattern-weighted fusion mod-
ule. Liu et al.  [6] proposed a YOLOvS-
based steel surface defect detection method
using lightweight convolution, integrating Sc-
Conv, SPPF, GSConv, VoV-GSCSP, and the
Coordinate Attention module, achieving excel-
lent results in nighttime detection. In addition,
Liu et al. [7] introduced an improved YOLOVS8
algorithm with a FasterNet backbone for de-

ditions.

fect detection on printed circuit board (PCB)
surfaces. This approach enhances detection ac-
curacy and efficiency, addressing the challenges
faced by traditional methods in complex man-
ufacturing environments.

However, although the previous literature
solves part of the problem through improved
multimodal target detection algorithms, these
multimodal approaches either in the pre-data
set shooting and labeling or hardware equip-
ment can bring great cost. Thus these ap-
proaches can not be applied to conventional ob-
ject detection scenarios. Moreover, due to the
challenges of nighttime detection with conven-
tional cameras, few studies have focused on this
topic.

In recent years, attention mechanisms that
imitate human perception by focusing on cer-
tain important areas one after another to un-
derstand a whole scene have been extensively
studied to enable optimization of network mod-
els. Attention mechanisms have proven to be
beneficial to illustrate enhancements in the per-
formance of tasks. Various attention mecha-
nisms have been developed, each with unique
characteristics.  The Squeeze-and-Excitation
(SE) module [8],and [9] adaptively recalibrates
channel-wise feature responses but lacks spa-
tial attention. The Convolutional Block At-
tention Module (CBAM) [10] sequentially infers
both channel and spatial attention maps, pro-
viding a more comprehensive attention mecha-
nism. The Detection Transformer (DETR) [11]
employs self-attention for end-to-end object de-
tection but suffers from high computational
complexity and slow convergence. Compared
to SE and DETR, CBAM offers a better bal-
ance between performance and computational
efficiency, making it more suitable for real-time
applications. And then Cao et al. [12] pro-
pose an innovative attention mechanism for mo-
bile networks through the incorporation of lo-
cation data into channel attention, which is ca-
pable of effectively capturing the global con-
text. And Ma et al. [13] proposed the Adap-
tive Attention Module (AAM), which integrates
both channel and spatial attention submodules
to effectively balance model performance and
complexity. By utilizing an adaptive mecha-
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nism and a group-interact-aggregate strategy,
AAM enhances feature representation and em-
phasizes important regions, demonstrating sig-
nificant improvements across various tasks and
datasets. By preserving precise positional in-
formation in one dimension, this approach en-
ables modeling long-range dependencies along
the other spatial dimension.Liu et al. [14] fur-
ther optimized the YOLOvS8 architecture with
FasterNet backbone, achieving efficient defect
detection on printed circuit boards even in low-
light industrial environments. Another study
by Liu et al. [15] proposed a dynamic fea-
ture selection and fusion strategy, which pro-
vides valuable insights for handling complex
background interference in nighttime detection
tasks.

Inspired by previous work, this paper pro-
poses the CDH-YOLO target detection algo-
rithm, only by means of images taken by RGB
cameras as training samples, by introducing at-
tention module, decoupling classification task
and regression task and other improvement
methods, compensates for the deficiencies of
the multi-modal detection approach and sub-
stantially enhances pedestrian detection perfor-
mance in nighttime scenes. Although many
domestic and foreign scholars have conducted
research on pedestrians detection in nighttime
scenes, due to poor lighting conditions and po-
tential interference from the colors of street-
lights, it is difficult to extract clear pedes-
trians features. Consequently, challenges ex-
ist in nighttime scenes including a lack of di-
verse datasets, high rates of missed detections
for small target pedestrians that cannot meet
real-time detection requirements. Results from
experiments conducted on the KAIST dataset
show that the proposed CDH-YOLO algorithm
attains exceptional precision and rapid predic-
tion rates for detecting pedestrians in low vis-
ibility nighttime scenes. The main innovations
introduced found in this work are outlined in
the following:

1. A novel reparameterization module is pro-
posed to boost network performance and re-
duce parameter overhead, making the net-
work model more lightweight and suitable
for real-time detection applications. Inte-

grated a low-cost decoupling head structure
within the architecture to effectively miti-
gate spatial biases in pedestrian detection,
achieving substantial computational savings.

2. Employed transposed convolutional upsam-
pling, allowing the network to autonomously
learn convolutional kernel weights. This
adaptive learning mechanism enhances the
network’s capability to handle pedestrians of
varying scales and poses, improving spatial
resolution restoration and overall model rep-
resentation.

3. Incorporated the CBAM attention module
and the SIoU metric into the model archi-
tecture, improving the model’s ability to dis-
cern pedestrians under varying lighting and
background conditions, and achieving finer
localization in complex nighttime scenes.
This dual enhancement focuses on crucial
pedestrian positions, significantly boosting
detection accuracy and robustness.

The organization of the remaining sections
is: Section 2 and Section 3 summarizes recent
research relevant to object detection. In Sec-
tion 4, we summarize the YOLOv5 object de-
tection algorithm. In Section 5 we elaborate the
details of the components in our proposed ap-
proach and present experimental validation. Fi-
nally, we conclude this algorithm study in Sec-
tion 6.

2 Related Work

In modern research, object detection ap-
proaches are distinguished as operating in one
detection step or two, known as single-stage
and two-stage. The former refers to algorithms
that do not independently display the extracted
regional proposal, and directly from the in-
put image, detecting the class and location
of targets present in a single inference pass.
The classical single-stage algorithms include
OverFeat [16], Single Shot multibox-Detector
(SSD) [17], You Only Look Once (YOLO) [18],
etc.Since feature identification and localization
occur in one step, single-stage detectors exhibit
higher speeds for these tasks. The latter refers
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to detection algorithms that have an indepen-
dent display of the region proposal extraction
process, among which the more classical ones
are the Region-Convolutional Neural Network
(R-CNN) [19],Fast Region-Convolutional Neu-
ral Network (Fast R-CNN) [20], Spatial Pyra-
mid Pooling Network (SPPNet) [21] and Mask
R-CNN [22].

2.1 Two-stage Approaches

For RCNN [19], the sliding window ap-
proach is replaced with selective search to ad-
dress the problem of redundant windows and
reduce time complexity. Although these mod-
ern object detection algorithms have achieved
significant performance gains over traditional
approaches, they still face several challenges.To
address the limitations of R-CNN models, He
et al. proposed SPPNet [21]. It eliminates
the need for fixed-size image inputs, prevents
information loss from cropping or warping im-
ages, and avoids redundant convolution compu-
tations, thus significantly improving accuracy
and speed. Then Girshick et al. proposed
Fast R-CNN [20], building upon SPPNet by
introducing Region of Interest (ROI) pooling,
which not only demonstrated improved accu-
racy and faster test speeds than SPPNet, but
also has substantially improved training speed.
Only one year later, Ren et al. proposed Faster
R-CNN [23], and it mainly integrates feature
extraction, bounding box regression and clas-
sification, and region segmentation into one
model. This end-to-end approach for object de-
tection yielded substantial gains in overall per-
formance. While region proposal-based object
detection models have achieved ever-improving
accuracy and inference speeds, the computa-
tional complexity of generating regional pro-
posals remains a bottleneck that precludes real-
time performance.

2.2 One-stage Approaches

The one-stage algorithm omits the candi-
date frame generation phase and simultane-
ously executes feature extraction, object cate-
gorization, and box prediction inside one convo-
lutional network architecture, which also makes
the one-stage algorithm faster than the two-

stage algorithm. A single neural network can
directly and simultaneously obtain the loca-
tion of an object and the class. It belongs
to the corresponding confidence probability af-
ter a single evaluation. A year later, Redmon
et al. [24] proposed YOLOv2 based on it.To
address the issue of saturated nonlinear mod-
els struggling to converge, batch normalization
operations were utilized, which helped stabi-
lize the training and accelerate convergence for
these models. Redmon et al. [25] then pro-
posed YOLOv3, which used Darknet-53 as the
network backbone. In addition, the Neck sec-
tion of YOLOv3 used a Feature Pyramid Net-
work (FPN) architecture to detect three fea-
ture maps of different sizes, improving the net-
work’s ability to detect small targets. Two
years later, Bochkovskiy et al. [26] proposed
YOLOv4, which chose CSPDarknet53 as the
backbone network, while many applicable al-
gorithms were incorporated into the model.
Some techniques that have been proposed to
improve network generalization include adding
weighted residual connections, partial connec-
tions across stages, self-adversarial training,
normalizing across small batches, and regu-
larization through dropblocks. These tuning
tools allowed the model to achieve the op-
timal experimental results at that time.The
YOLOV5 [27] algorithm was later introduced,
which leapfrogged over YOLOvVA4 to directly be-
came the most advanced algorithm for object
detection to date, surpassing the prior version.
Although the YOLOvV5 algorithm is widely used
in industry, there is still much room for im-
provement in specific scenarios.YOLOv6 [28]
was launched by Meituan and its main work
is to better adapt to GPU devices, introduc-
ing the RepVGG structure. The design of
backbone and neck utilizes hardware advan-
tages such as the computing characteristics of
the processor core, memory bandwidth, etc.
for effective inference.YOLOvV7 [29] is a sequel
to the YOLOv4 team, mainly aimed at opti-
mizing model structure reparameterization and
dynamic label allocation issues. The concept
of YOLOv7 detection algorithm is similar to
YOLOv4 and YOLOv5. Its proposed model
structure is reparameterized, utilizing “exten-
sion” and “composite scaling” methods to ef-
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fectively utilize parameters and computational
complexity.A new label allocation method has
been proposed. YOLOvS8 from Ultralytics is
the most recent iteration of their YOLO object
detector and image segmenter. Building upon
prior YOLO versions, YOLOvS introduces new
enhancements and optimizations that further
advance the state-of-the-art(SOTA) in object
detection, achieving improved accuracy, higher
velocity, and greater flexibility compared to its
predecessors. Overall, YOLOvVS represents the
cutting edge in object detection and image seg-
mentation tool that provides the latest SOTA
technology and the ability to use and compare
all previous YOLO versions, making it a choice
that combines advantages.

2.3 Other Improvement Methods

In addition to the evolution of YOLO series
detectors, recent research has also focused on
optimizing network architectures and sampling
strategies to improve detection performance, es-
pecially for challenging scenarios such as small
object detection and complex backgrounds.

For aerial image small object detection,
Zhang et al. [30] proposed Sinextnet, a
novel model based on PP-YOLOE. Sinextnet
incorporates a lightweight feature enhancement
module and optimized neck structure to im-
prove the detection accuracy of small objects
in aerial images. This work demonstrates the
importance of specialized architecture design
for handling scale variations and low-resolution
targets, which aligns with our focus on night-
time pedestrian detection where targets often
appear small and blurry.

In terms of feature extraction and down-
sampling, Ji et al. [31] introduced Adaptive
Separation Fusion (ASF), a novel downsam-
pling approach in CNNs. ASF adaptively sepa-
rates features into multiple groups and applies
different downsampling strategies before fus-
ing them, preserving more detailed information
while reducing spatial dimensions. This inno-
vative approach to feature preservation during
downsampling provides insights complementary
to our use of transposed convolution for upsam-
pling, together forming a more comprehensive
perspective on feature resolution maintenance

throughout the network architecture.

These recent advancements in specialized
detection architectures and feature processing
methods further validate the importance of
tailored network designs for specific detection
challenges, supporting our approach of integrat-
ing multiple optimization strategies for night-
time pedestrian detection.

3 Basic Theory

Ultralytics proposed the YOLOv5 algo-
rithm in 2020, and after continuous itera-
tion, the highest version has now reached
v7.1. According to depth and width, it can
be decomposed into five distinct model species-
YOLOv5s, YOLOv5m, YOLOv5], YOLOv5n,
and YOLOvbx. This article selects the most
commonly used and lightweight version of
YOLOv5s v6.1 as the optimization baseline.
The architecture of YOLOvV5 v6.1, as shown
in Figure 1 can be summarized by three cen-
tral modules: Backbone, Neck and Head. The
Backbone network of YOLOvV) is composed of
Conv module, Cross Stage Partial (CSP) Bot-
tleneck with 3 convolutions (C3) module and
Spatial Pyramid Pooling-Fast (SPPF) module.
The C3 module BottleNeck structures in the
Backbone and Neck parts are different. The
Neck utilizes FPN [32] and Path Aggregation
Networks (PAN) [33] to improve the network’s
capability to integrate features for detecting ob-
jects of various sizes. The Head leverages the
fused multi-scale features from the Neck to per-
form detection across multiple scales, improv-
ing detection capabilities for targets of varying
sizes.

Figure 1. The YOLOv5 v6.1 Structure.
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4 Model Improvement and

Optimization

4.1 Backbone Improvements
4.1.1 CBAM Attention Module

The essential role of attention in deep learn-
ing has been thoroughly explored and vali-
dated by substantial prior research,see for in-
stance [34-41]. To tackle the issue of high mis-
detection rates under low visibility nighttime
conditions,we add an attention mechanism to
enable concentrating on the most salient fea-
tures while ignoring unnecessary ones. Thus,
the model characterization capability can be
increased. As shown in Figure 2. displays,
this article incorporates the original C3 mod-
ule of the CBAM [10] attention mechanism into
the YOLOv5 backbone network, which includes
two independent submodules, as shown in Fig-
ure 3, the Channel Attention Module (CAM)
and the Spatial Attention Module (SAM). All
C3 modules in the backbone are replaced with
C3CBAM to enhance feature representation.
Since CBAM extracts information features by
fusing channel feature information and spatial
feature information, it can enhance the charac-
terization information of low-visibility targets
from two dimensions. Ablation Experiments
show that CBAM substantially increases the
detection effect of low-visibility targets.

|
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BottleNeck X n
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Figure 2. The C3CBAM Block Structure.
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Figure 3. The CBAM Structure.
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The CBAM operates in two steps: CAM
and SAM. It takes an intermediate feature map
F € RO“MXWag input. First, to obtain two
one-dimensional vectors, the input channel in-
troduces a global maximum pooling layer and
a global average pooling layer. These vectors
are transmitted to the fully connected layer and
added together to generate the one-dimensional
channel attention vector M, € RE*X1  per-
formed a multiplication operation with the in-
put feature map to obtain the feature map
F’'. Second, the F’ undergoes global maximum
pooling layer and a global average pooling layer
along the spatial dimensions to produce two 2D
vectors. These vectors are concatenated and
convolved to finally generate a 2D spatial at-
tention map M, € RVT*Wis multiplied with
I’ element-wise to attend to salient spatial lo-
cations, as depicted in Figure 2. The process of
CBAM attention algorithm can be described as
follows:

F'=M.(F)F (1)

F'=M(F)®F (2)

where ® symbol represents element multiplica-
tion. Before performing the multiplication op-
eration, the vector based on channel attention
and the vector based on spatial attention will
match the input feature map’s source space di-
mension and source channel dimension, respec-
tively.The equation based on channel attention
is

M.(F) = o(MLP(AvgPool(F))

+ MLP(MazPool(F))) ®)

The equation based on spatial attention is

M(F) = o(f™7([AvgPool(F), MazPool (F)])))

o (7 ([Favg: Frnaal))

(4)
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4.1.2 Structural
Module

Reparameterization

In general, two effective ways to increase the
proficiency of a network model are to improve
its width and depth. Wider networks with more
channels can extract more complex features.
Deeper networks with more layers can learn
more abstract and high-level representations of
the data. However, increasing width and depth
also increases computation and risk of overfit-
ting, so these factors need to be balanced care-
fully when designing and training neural net-
work architectures. The goal is to find the pre-
mier mixture of width and depth for the prob-
lem and dataset. Kaiming He et al. [42] in their
research found that if we blindly add more lay-
ers to the neural network architecture, it will
not only lead to an increase in parameters and
a cumbersome model, but also lead to degrada-
tion issues, that is, network performance follows
a curve - increasing depth helps up to an ideal
level, after which it rapidly impairs results, and
this phenomenon is not caused by overfitting,
so He et al. made the network achieve constant
mapping by adding residual branches, which al-
lowed data to flow across layers. Thus He et al.
proposed a series of new technologies, mainly
through residual connections and batch nor-
malization methods, to mitigate the degrada-
tion issue that may occur when simply stacking
more layers to increase network depth. Litera-
ture [43] confirmed thatthe reason for the better
performance of ResNet is that the branching
structure of ResNet generates an implicit col-
lection with a significant amount of submodels,
which can enhance the model’s learning capac-
ity by establishing interdependent connections.
These implicit sets can enhance the model’s
learning capacity through interdependencies,
which all indicate that the multi-branch archi-
tecture has advantages that the single-way ar-
chitecture model does not have.

However, in recent years, the networks are
more oriented towards industrial deployment,
and Christian et al. [44-47] proposed that
for multi-branch networks, although the multi-
branch structure can significantly improve the
network accuracy, the operation speed of each
layer depends on the branch with the slowest

computation speed at each layer, which also
leads to too many branches greatly slowing
down the performance of the network and is
not conducive to model deployment.

The emergence of structural reparameteri-
zation, an idea proposed by Ding et al. [48]
at CVPR 2021, is a good solution to these
problems. This indicates utilizing a multiple-
branched architecture throughout the training
procedure, and then combining the branches
into a sole coalesced structure when perform-
ing inference, and this approach provides the
benefits of both multi-branch and single-branch
models. The multi-branch structure enables
strong feature learning during training. The
single-branch consolidation allows for fast and
efficient inference after training. So it enables
training a high-capacity model that learns rich
features, while also obtaining fast prediction
speed at test time.

Within this work, we introduce a novel
module named RepConv-One Block that lever-
ages the concept of multi-branched learning and
consolidated deduction. We incorporate the
RepConv-One Block into the backbone archi-
tecture of YOLOvVS, which has a simpler struc-
ture and is easier to train compared with the ex-
isting reparameterization module. The specific
implementation is to add a 1*1 residual branch
to the backbone 3*3 size Conv module during
training, and to restructure the model’s param-
eters following the conclusion of training. The
reparameterization process is presented in Fig-
ure 4, where in the batch normalization layer is
first incorporated into the convolutional block,
followed by converting the 1*1 convolution into
a 3*3 convolution, and the last two fusing the
3*3 convolutions into one 3*3 convolution. The
structure of the final obtained RepConv-One
Block module during training is illustrated in
Figure 5(a), while the multi-branch module is
unified into a single convolutional stratum, as
exhibited in Figure 5(b).
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Figure 5. The Improved Backbone Structure.

The paper provides the specific derivations
for fusing the multiple convolutional branches
and batch normalization layers into a single
consolidated convolutional block.

Conv(x)=Wsxxz+b (5)

BN(z) =~v*(x—Mean)/(Vd%2+e)+5 (6)

where W represents the weight parameters, b
denotes the bias term, in equation (6), § and
~ represent learnable coefficients, Mean is the
mean across each batch of sample data, and o
is the variance, bringing the convolution layer
to the BN layer yields equation (7)

BN (Conv(z))=~vx (Wxx+b—Mean)/ (V6> +¢)+

(7)
or, equivalently
BN(Conv(z)) =v*Wxx/\d%2+¢e
+v%(b—Mean)/(Vé*+e)+
(8)

After deriving the mathematical equa-
tions to consolidate the multiple convolutional
branches and batch normalization layers, the
authors arrive at equation (9) and (10) to rep-
resent the fused convolutional layer.

WF‘used = ’Y*W/m7
bRused = 7 * (b—Mean)/(\/@)—i-ﬂ
BN (Conv(z)) = Weysea* T+ bpysea  (10)

(9)

Experiments show that the above strategy
reduces the delay in hardware and significantly
improves the accuracy of the algorithm without
adding additional overhead.

4.2 Improvement of
Method

Upsampling

The current conventional upsampling meth-
ods can be summarized into three categories:
linear interpolation-based upsampling method,
deep learning-based upsampling method, and
inverse pooling upsampling method. The un-
derlying principles of these interpolation tech-
niques are similar to manual feature engineer-
ing, As depicted in Figure 6, YOLOvV5 specifi-
cally utilizes nearest neighbor interpolation for
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upsampling feature maps in its backbone archi-
tecture. Although the nearest neighbor interpo-
lation method is less overhead and faster, the
feature map obtained by nearest neighbor in-
terpolation method will break the asymptotic
relationship of the original features are altered
to some degree, which impacts the network’s
accuracy.

8 |8
8 |8
4 | 4
4 | 4

Figure 6. The upsampling method using
nearest neighbor interpolation.

In this paper, we will use transposed convo-
lution layers for upsampling instead of nearest
neighbor interpolation. Specifically, we apply
4x4 inverted convolutions with a step size of
2 to enlarge the feature maps in the network,
the principle of which is shown in Figure 7,
equations (11) and (12) can represent the di-
mensions of the feature map after calculating
the transposed convolution procedure. As op-
posed to the original interpolation methods, the
transposed convolution upsampling has an ad-
ditional layer of features that can be learned,
enabling the network to more effectively learn
high-level semantic representations of the im-
age.Experiments demonstrate that using trans-
posed convolutions for upsampling leads to sig-
nificantly higher detection accuracy compared
to nearest neighbor interpolation.

/2 | 9|6\ 1

2 | 1 6 129(30] 7
4| 4 \{0 | 29 93/13
1224 | 16| 4

Figure 7. The upsampling method using
transposed convolution.

Hyy = (Hip — 1) X stridelh] — 2 x padding[h]
+ kernel_size[h]
(11)
Wout = (Wip, — 1) X stride[w] — 2 X padding|w]

+ kernel_size[w]
(12)

4.3 Improvement of Detection Head

Song et al. [49] proposed that in today’s
popular object detection models, target classi-
fication and regression branches have different
targets, leading to this spatial mismatch prob-
lem. The classification task focuses on feature
similarity to predict class labels for each spa-
tial location. On the other hand, the regression
task aims to reduce the discrepancy between
the projected bounding boxes and the actual
bounding boxes. Therefore, if the same feature
map is used to classify task and regression task,
dislocation effect will be generated.

Based on this problem, Liu et al. [50] decou-
ple the detection head in YOLOX, and achieve
excellent detection effect, but it brings a huge
parameters and calculation. In this paper, the
detection head proposed by Liu et al. is further
improved, the decoupled head designed by Liu
et al. is lightweight processing, and a more con-
cise lightweight decoupled head is proposed. As
delineated in Figure 8, the left side (a) is the ar-
chitecture of the decoupled head conceived by
Liu et al. and the right side (b) is the struc-
ture of the lightweight decoupled head submit-
ted within this work, the difference in accuracy
between the two decoupled heads is presented
in Table 1 Decoupled head comparison experi-
ment. Compare with the decoupled head pro-
posed by Liu et al., the parameters and the
GFLOPs decreased by 25% and 35% respec-
tively, while losing a little precision.

Figure 8. Comparison of Decoupled Head
Structure.
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Table 1. Decoupled head comparison experiment

Head mAP0.5 mAPO0.5:0.95 Params(10°) GFLOPs
Yolovb Head 86.2 46.7 7.2 16.5
Decoupled Head 88.7(+2.5) 48.3(+1.6) 144 56.5
Concise Decoupled Head 88.1(+1.9) 47.8(+1.1) 10.8 36.7

4.4 Improvement of Loss Function

The YOLOvV5 model optimizes three loss
functions during training / a category mis-
take, a bounding box deviation, and a cer-
tainty discrepancy. More precisely, YOLOv5
employs Binary Cross Entropy (BCE) to cal-
culate the classification and confidence losses.
For the regression loss, Complete Intersection
over Union (CIoU) is the loss function utilized
by YOLOv5. This equation derives the CloU
loss from the mismatch between the prophesied
bounding margin and the determinative ground
truth margin:

Liorory = 1= IoU + p2(b,59) /@ +av (13)

a=v/((1—-1IoU)+v) (14)

V= 4/7r2 X ((arctan(wgt/hgt)) — (arctan(w/h)))2

(15)

In equation (13) p(,) represents the Eu-
clidean distance between the center points of
the predicted bounding box (Bpred) and the
ground truth bounding box (Bgt), C represents
the length of the minutest diagonal box fully
enclosing both Bpred and Bgt, b and 9" rep-
resent the center coordinates of the Bpred and
Bgt respectively, in equation (14) a denotes the
weight function, v represents a penalty term re-
lated to the image dimensions ratio similarity
between the Bpred and the Bgt, w9 /h9 and
w/h in equation (15) represent the dimensions
ratio of the ground truth bounding boxes.

While the CloU loss encapsulates multiple
terms including intersection over union, cen-
troid distance, and dimensions ratio consis-
tency between the predicted bounding boxes
and ground truth bounding boxes, though, the
CIoU loss fails to factor in the rotational align-
ment of the forecasted box versus the authori-
tative box. This incapacity to penalize incon-
gruity in box orientations can result in tardier
convergence while training the model.

As outlined in this text, we utilize a
loss function SIoU proposed by Zhora Gevor-
gyan [51] in 2022, as shown in Figure 9,
SIoU considers the vector angle between the
predicted bounding boxes and ground truth
bounding boxes into the loss calculation, which
is calculated as shown in equations (16) — (18).
Where A symbolizes the distance cost and €2
symbolizes the shape cost for comparing the
predicted bounding boxes and ground truth
bounding boxes. The ablation experiments
exhibit that SloU significantly improves this
model accuracy compared to CloU.

LSIOUzl—IOU—F(A—FQ)/Q (16)
A=Y, (1—e ") (17)
Q=3 n(1—e) (18)

Figure 9. Scheme for calculating the angular
cost in the loss function.

5 Experiments and Results

5.1 Experimental Environment

The experimental setup incorporates
Ubuntu 20.04 as the underlying OS and Pytorch
as the standard deep learning software frame-
work, CUDA version 11.3.0, NVIDIA GeForce
RTX 3090 as the GPU, 24 GB of video memory,
64 as the training batch size, and 300 epochs



AN IMPROVED YOLO ALGORITHM BASED ON. ..

229

in total. Before training, adjust the size of the
input image to 640 * 640 pixels. Ground truth
boxes were clustered using k-means to generate
anchors. Data augmentation was performed
by applying 4-Mosaic to expand the quantity
of training data. Model optimization was per-
formed using stochastic gradient descent (SGD)
with a learning rate schedule that linearly in-
creased initially before decaying.

5.2 Dataset Introduction

To validate our algorithm, we use the
KAIST dataset at nighttime: KAIST [52]. The
KAIST dataset comprises a total of 95,328 im-
ages, with each image containing both the RGB
and infrared versions, resulting in a total of
103,128 densely annotated instances. Most pa-
pers utilizing the KAIST dataset have under-
gone preprocessing, as the dataset is derived
from consecutive video frames with minimal
differences between adjacent frames, hence ne-
cessitating a certain level of cleaning. This
study focuses primarily on pedestrian detection
in low-light environments, and as such, only the
night dataset of KAIST was selected for exper-

*
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@ by

imentation.

Figure 10. The Target Centroid Distribution.

Figure 11. The Target Size Distribution.

The cleaning process involved the following
rules: (1) For the training set, every 2 images
were selected, every 3rd image was chosen, and
all images containing no pedestrians were re-
moved, ensuring that the selected images each
contain at least one target while excluding heav-
ily occluded images showing only partial bod-

ies or less than 50 pixels. (2) For the testing
set, every 19 images were selected, i.e., every
20th image was chosen, and negative sample
images were retained. Following the aforemen-
tioned operations, 5846 training set images and
1797 testing set images were obtained. The
target centroids and target size distribution of
the dataset are exhibited in Figure 10 and Fig-
ure 11.

5.3 Evaluation Indicators

Model assessment was based on mAP@Q.5,
mAP@0.5:0.95, and frames per second (FPS),
number of parameters (Params), number of cal-
culations (GFLOP), and model size (size) de-
tected by the model. Among them, mAPO0.5
represents the average AP at the IoU threshold
of 0.5, and mAP0.5:0.95 represents the mean
average precision obtained at IoU thresholds
between 0.5 and 0.95 at 0.05 intervals, the cal-
culation of which is given by the equations.(19-
22).

Precision=TP/(T' P+ FP)=TP/all detections
(19)

Recall=TP/(TP+FN)=TP/all ground truths

(20)

AP = / 'PdR (21)
0
N

mAP =Y AP;/N (22)
=1

To further validate the effectiveness of the
proposed improvements and justify the intro-
duction of CBAM, an extended set of ablation
experiments was conducted. A total of 14 abla-
tion models were designed to evaluate five core
modules—RepConv, CBAM, transposed convo-
lutional upsampling, Concise-Decoupled Head
(CDH), and SIoU loss—and to compare CBAM
with alternative attention mechanisms, includ-
ing SE, ECA, and lightweight self-attention.

All models were trained under identical set-
tings for fairness.
rized in Table 2.

The results are summa-
As observed, each mod-
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ule contributes differently to model perfor-
mance. Notably, the inclusion of CBAM yields
a substantial improvement in detection accu-
racy (mAP@0.5 increased by 0.9% compared to
SE and 0.7% compared to ECA) while main-
taining nearly identical computational cost.
This advantage arises from CBAM’s sequen-
tial channel-spatial attention design, which re-
fines both feature discriminability and posi-
tional awareness under complex lighting condi-
tions.

From Table 2, it can be concluded that
CBAM provides the most significant accuracy
enhancement among all tested attention mod-
ules, demonstrating its effectiveness in improv-
ing the robustness of feature extraction under
complex night-time conditions without intro-
ducing excessive computational cost. There-
fore, CBAM was retained as the optimal atten-
tion mechanism in the proposed CDH-YOLO
framework.

5.4 Comparison Experiment

To provide supplementary evidence for the
considerable merits of the presented CDH-
YOLO algorithm, popular network models were
utilized as comparisons in this study, such
as YOLOv3 (2018), YOLOv3 tiny (2018),
YOLOv5s (2020), YOLOv5 ghost (2020),
YOLOv5m (2020), YOLOv6s (2022), YOLOvVT
tiny (2022) and YOLOv8n (2023) on the
KAIST dataset . We also compared with
Transformer-based detectors (DETR) and tra-
ditional convolutional detectors (Faster R-
CNN) to provide a comprehensive evaluation.
And also compared with two popular models
proposed in 2023: Improved-YOLOV7 tiny [53]
and YOLO-Person [54]. The results of the ex-
periment are presented in Table 3. The experi-
mental results outlined above suggest the CDH-
YOLO algorithm put forth in this manuscript
achieves the highest 92.1% among the com-
pared algorithms for the pedestrian detection
task in night scenes mAPO0.5, compared with
YOLOv5s algorithm, CDH-YOLO architecture
expands the parameter count by 57% and ele-
vates computational intensity by 36% over the
baseline YOLO model, mAP0.5 improves by
5.9%, mAPO0.5:0.95% improved by 2.2%, where

mAPO.5 and FPS have exceeded YOLOvbm by
2.5%, but CDH-YOLO only has half the num-
ber of parameters compared to YOLOv5m.

In addition, we built our proposed network
on YOLOvS8n, resulting in CDH-YOLOvS8n, as
shown in Table 3. Comparative experiments
demonstrate that mAP0.5 and mAP0.5:0.95 are
improved by 2.5% and 0.4%. Therefore, we
can conclude that if the network is built on
YOLOVS, the performance will still improve,
further validating the robustness .

It is experimentally verified that CDH-
YOLO achieves 64 FPS inference speed on a
single GPU of NVIDIA GeForce RTX 3090,
which satisfies the requirement of pedestrian
detection task for real-time model. Combin-
ing the evaluation indexes of the number of pa-
rameters, computation volume, FPS, and mAP,
CDH-YOLO achieves the best results and out-
matches their capabilities.

5.5 Qualitative Evaluation

In this article, in order to contrast the detec-
tion capabilities of YOLOv5s and CDH-YOLO
in different night scenes, three sets of images
were used for the comparison purposes. The de-
tection capabilities of YOLOv5s are illustrated
in Figure 12.

As shown in the side-by-side comparison
in Figure 12, across the foremost collection
of images, YOLOv5s has two missed targets,
one of which has low visibility and the other
has a small amount of occlusion, while CDH-
YOLO accurately detects all the targets in
this image, which proves that CDH-YOLO has
stronger feature extraction ability, the second
group of targets is more severely occluded by
tree branches, and YOLOv5s still has missed
detection. In the third group of images, the
target visibility is low and the recognition is
difficult, but CDH-YOLO still performs well,
according to the analyses of the former experi-
ments, the evidence leads to the conclusionthat
CDH-YOLO has richer feature extraction abil-
ity and can effectively cope with the pedestrian
detection at night.
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Table 2. Extended ablation experiments including comparisons among different attention

mechanisms.
Model Rep Attention Up Sam. CDH SIoU m—AP GFLOPs Size (MB) Params (x10°)
@0.5 @0.5:0.95
YOLOvV5s — — — — —  86.2 46.7 16.5 13.7 7.2
Model A v — — — — 876 48.3 16.5 13.7 7.4
Model B1 — SE — — —  86.9 46.9 16.6 13.8 7.3
Model B2 — ECA — — — 871 47.0 16.6 13.8 7.3
Model B3 —  Self-Att. — — —  87.2 47.1 16.9 13.9 7.4
Model B4 — CBAM — — — 87.8 47.3 16.6 13.8 7.3
Model C — — v — —  88.7 47.2 16.6 13.7 7.2
Model D v 88.1 47.8 36.7 20.9 10.8
Model E — — — — v 877 46.8 16.5 13.7 7.2
Model F v CBAM — — —  88.2 48.2 17.7 14.8 7.6
Model G v CBAM v v 89.1 48.4 18.7 15.1 7.8
Model H v — — v — 89.3 48.5 36.9 21.3 11.0
Model I v CBAM — v — 895 48.6 38.3 22.0 11.3
Model J v CBAM — v v 90.5 48.7 38.3 22.0 11.3
Model K v CBAM v v — 90.7 48.8 38.3 22.0 11.3
CDH-YOLO Vv CBAM v v v o921 48.9 38.3 22.0 11.3

Table 3. Contrasting the detection performance across various algorithms

Models Image size Params(10°) mAP0.5 mAP0.5:0.95 FPS GFLOPs
YOLOv5s (2020) 640x640 7.2 86.2 46.7 79 16.5
YOLOv3 (2018) 640x640 61.5 82.9 43.0 47 154.9

YOLOv3 tiny (2018) 640x 640 8.6 77.9 34.6 179 12.9
YOLOV5 ghost (2020) 640x 640 3.6 84.9 42.9 75 8.1
YOLOv5m (2020) 640x640 20.9 88.9 50.5 51.3 47.9
YOLOv6s (2022) 640x 640 17.2 89.3 48.5 61 85
YOLOvVT tiny (2022) 640x 640 6.2 88.1 46.5 286 13.8
Improved-YOLOvV7 tiny(2023) 640x640 9.1 91.2 50.1 - -
YOLO-Person(2023) 640640 - 91.7 - - 39
YOLOv8n (2023) 640x 640 3.0 87.6 47.5 263 8.2
DETR (2020) 640x640 41.2 85.3 45.1 28 86.5
Faster R-CNN (2015) 640640 137.5 83.7 44.3 15 203.7
CDH-YOLOv8n 640x 640 8.3 90.1 47.9 217 19.1
CDH-YOLO 640x640 11.3 92.1 48.9 64 38.3

Figure 12. Side-by-side comparison of YOLOv5s Detection Effect.
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6 Conclusion

This paper introduces CDH-YOLO, an en-
hanced YOLO-based framework designed for
real-time pedestrian detection under nighttime
conditions. The proposed framework incorpo-
rates structural reparameterization to optimize
the backbone, CBAM attention mechanisms to
strengthen feature representation, transposed
convolution for semantically consistent upsam-
pling, a lightweight decoupled head to mitigate
spatial misalignment, and the SIoU loss func-
tion to achieve faster convergence and more pre-
cise localization. Extensive experiments con-
ducted on the KAIST dataset demonstrate that
CDH-YOLO achieves state-of-the-art accuracy
while maintaining real-time inference speed,
significantly surpassing existing approaches.

Although a significant accuracy improve-
ment is obtained, this algorithm increases the
amount and intricacy of calculations required
by the model. The next stage of work will fo-
cus on two main aspects: Firstly, reducing un-
necessary parameters and connections in the
model through pruning, then transferring the
knowledge from a large model to a smaller one
through distillation. Through these methods,
we aim to better explore lightweight processing
of the model, improving its efficiency and per-
formance to meet the increasing demands for
pedestrian detection in night-time scenarios.
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