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Abstract

Image recognition, a key technique in deep learning within the realm of computer vision, has found extensive application in the 

transportation sector in recent years. However, traditional image recognition technologies suffer from low efficiency and weak analytical 

capabilities. This research proposes a traffic sign recognition model that embeds a reconstructed squeeze and excitation network channel 

attention mechanism into the You Only Look Once Version 4 framework. Specifically, depthwise separable convolution is adopted to 

reconstruct the attention module, and a soft threshold denoising module is integrated before multi-scale feature fusion. The model also 

utilizes a soft threshold denoising module for feature extraction of complex semantic information. Experimental results show that when 

the attention mechanism fusion algorithm iterates five times, the accuracy reaches 98.5%. The highest recognition accuracy, prediction 

recall rate, and harmonic mean of recall rate are 96.35%, 95.88%, and 95.12%, respectively. The evaluation of the fusion model shows 

that the model has the highest recognition accuracy of 0.98 for different types of traffic signs. Compared with the highest accuracy of 

0.89 of Faster Region-based Convolutional Neural Network and the highest accuracy of 0.90 of Field-Programmable Gate Array, the 

research method has significantly higher recognition accuracy. These results suggest that the improved traffic sign recognition model 

can effectively identify real-world road traffic signs for autonomous vehicles, with excellent feature-capturing performance. This research 

contributes to the future development of road traffic and autonomous driving fields.
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1 Introduction
In recent years, the research and application of autono-
mous driving systems and assisted driving systems have 
continued to develop and innovate and have become 
a hot topic for researchers and companies in the auto-
motive field. Among them, the automatic detection and 
recognition of traffic signs occupies an extremely crit-
ical position. The application of intelligent algorithms 
in the field of autonomous driving traffic sign recogni-
tion can not only improve the recognition accuracy but 
also enhance the real-time performance of recognition 
(Megalingam et al., 2023). Therefore, the research on traf-
fic sign recognition algorithms is of great significance for 
technological breakthroughs and industrial upgrading in 
the field of autonomous driving. As one of the most rev-
olutionary technologies in recent years, artificial intel-
ligence algorithms are widely used in the field of image 
recognition (Simran et al., 2022). The current mainstream 

traffic sign recognition methods include convolutional 
neural networks, Transformer-based target detection algo-
rithms, feature extraction algorithms, etc. However, the 
above methods generally have limitations such as complex 
feature extraction process, the need for a large amount 
of labeled data for training, and insufficient robustness. 
Therefore, a method that can accurately and efficiently recog-
nize traffic signs is needed. Compared with other recognition 
algorithms, the You Only Look Once Version 4 (YOLOv4) 
algorithm adopts a single-stage architecture with faster rec-
ognition speed and focuses on the fusion of multi-scale fea-
tures, so the recognition accuracy is also higher. Since the 
YOLO series of algorithms usually adopt rich data enhance-
ment strategies, they also have unique advantages in gen-
eralization (Terven et al., 2023; Diwan et al., 2023). At the 
same time, the introduction of the attention mechanism 
Squeeze and Excitation Network (SENet) can also enable 
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deep learning models to process input data more flexibly 
(Lescoat et al., 2023). Therefore, this study proposes a new 
traffic sign recognition algorithm that integrates the attention 
mechanism with YOLOv4, hoping that the algorithm can 
help autonomous driving to efficiently and accurately iden-
tify traffic signs. The research innovatively employs depth-
wise separable convolution to reconstruct the SENet channel 
attention mechanism, significantly reducing computational 
complexity. It also introduces a soft threshold denoising 
module to suppress noise interference before feature fusion. 
These two elements are deeply integrated with the multi-
scale detection architecture of YOLOv4 to form a new model 
that provides a high-precision, low-latency solution for traf-
fic sign recognition in complex scenarios.

2 Related works
As an advanced target detection algorithm, YOLOv4 has 
undergone a lot of improvements and optimizations based on 
YOLOv3. By adopting more advanced network structures, 
training techniques and algorithm optimization, YOLOv4 
has achieved significant performance improvements in var-
ious target detection tasks. Domestic and foreign research-
ers have conducted extensive discussions on this algorithm. 
For example, Gai (2023) proposed an improved YOLOv4 
deep learning algorithm to detect cherry fruits for the prob-
lem of fast and accurate detection of cherries. The com-
parative experimental results show that the average accu-
racy value obtained by the proposed improved YOLOv4 
model network is 0.15 higher than that of the comparison 
model, and it can detect cherries of different maturity in 
the same area. Wu (2023) proposed an optimized model 
based on the YOLOv4 network to solve the problem of 
difficulty in distinguishing crops and weeds in farmlands.  
Compared with the comparison model, the AP value of small 
target weeds increased by 15.1%, the mAP value increased by 
4.2%, and the size of model parameters and training weight 
files decreased by 34%, indicating that the accurate detection 
of small target weeds can be improved. Kumar et al (2023) 
proposed a new mask detection system based on an improved 
miniature YOLOv4 object detector to address the issue of 
detecting mask-wearing people under surveillance cameras. 
Experimental results showed that the proposed miniature 
algorithm network achieved a 64.31% mAP on the dataset, 
6.6% higher than miniature YOLOv4. Astuti et al.  (2023) 
introduced a YOLOv4-based training model for dental detec-
tion, specifically designed to identify tooth sensitivity in the 
field of oral medicine. Experimental results showed that the 
true positive and true negative values for YOLOv4 were 

1.534 and 1.568, respectively, with sensitivity and specificity 
of 99.42% and 87.06% on panoramic X-ray images, prov-
ing the effectiveness of the model. Li et al. (2023) proposed 
a fusion algorithm combining channel attention mechanisms 
with YOLO Head to address the low detection accuracy of 
traffic sign detection algorithms. Using the TT100K dataset 
for evaluation, the proposed method achieved real-time and 
accurate performance in complex backgrounds compared to 
existing methods.

With the continuous development of image recognition 
technology, new theories and methods are constantly being 
proposed and applied. Scholars from various countries 
have conducted in-depth research in this field. For exam-
ple, Dewi  et al (2023) proposed a method using the prin-
ciple of Spatial Pyramid Pooling to enhance YOLOv3 and 
Densenet backbone networks for feature extraction, aimed 
at addressing practical problems in traffic sign recognition.  
According to experimental results, the method achieved an 
accuracy of 87.8% for small objects, 98.0% for medium-sized 
objects, and 98.6% for large objects within the BTSD dataset. 
Wei et al. (2023) introduced a traffic sign recognition algo-
rithm combining ResNet and Convolutional Neural Network, 
aimed at enhancing road safety and minimizing accidents. 
Experimental results demonstrated that the ResNet-based 
model achieved a recognition accuracy of 99% on the test 
set, while the convolutional neural network-based model 
reached 98%. In order to solve the problem of difficulty in 
identifying traffic signs in bad weather, Dang et al.  (2023) 
proposed to build a model using deep learning technology 
to help with identification. The experimental results showed 
that the accuracy of YOLOv7 was 78%, the accuracy of 
YOLOv5s+SE attention module was 78.4%, and the accu-
racy of YOLOv5s+C3GC was 79.2%. The YOLOv5s+C3GC 
model significantly improved the recognition accuracy of 
blurred and distant targets. Wang et al. (2023) proposed an 
improved feature pyramid model named adaptive feature 
fusion feature pyramid network to solve the problem of traf-
fic sign detection in unmanned driving systems. The adaptive 
attention module and feature enhancement module were used 
to reduce the information loss in the feature map generation 
process. The experimental results showed that compared with 
several advanced methods, this method is more versatile and 
superior. In order to prevent traffic accidents and ensure the 
safety of all road users, Soylu et al. (2024) proposed a traffic 
sign recognition system based on YOLOv8. The experimen-
tal results showed that the system can assist drivers by pro-
viding real-time alerts and warnings about potential dangers, 
speed limits and other important information.
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In summary, existing research has made significant prog-
ress in traffic sign recognition, but challenges such as low 
efficiency and insufficient accuracy remain. YOLOv4, with 
the integration of attention mechanisms, can address these 
issues. Therefore, the proposed model that combines the 
attention mechanism and YOLOv4 for traffic sign recogni-
tion has practical potential and aims to improve the efficiency 
and accuracy of traffic sign recognition to meet the demands 
of autonomous driving.

3 Traffic sign recognition strategy design based on 
attention mechanism and YOLOv4
3.1 Attention mechanism optimization based on SENet
Given the ongoing advancements in autonomous driving 
and deep learning technologies in recent years, information 
technology can efficiently recognize and process traffic sign 
image information (Tan et al., 2024). However, traditional 
image processing techniques still heavily rely on manual 
work and struggle to accurately identify certain regional fea-
tures (Alimova, 2024). To address issues such as complex 
computation of traffic image data and difficulty in detecting 
small visual targets, the attention mechanism SENet is intro-
duced (Rousselot et al., 2025). This method enables the algo-
rithm to focus more on important feature channels and the 
model structure is shown in Fig. 1.

As shown in Fig. 1, after the image data is input into the 
attention module, a global spatial pooling operation is per-
formed on each channel. Then, using two fully connected 
layers and a Sigmoid function with nonlinear character-
istics, each channel is assigned a corresponding weight 
value. However, the number of parameters is directly 
correlated with the increasing complexity of the network 
model, further expanding the parameter count also ampli-
fies the computational load. To address the issue of chan-
nel dependency, SENet reduces the feature map containing 
global information of size W × H × C to a 1 × 1 × C feature 
vector. The channel-level statistical operation process z is 
shown in Eq. (1).

z F u
H W

u i jc sq c c
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, 	 (1)

In Eq. (1), zc and uc represent the feature map chan-
nels of the c-th elements of the feature map, respectively, 
and Fsq represents the compression operation. The weight 
calculation S obtained through the Sigmoid activation is 
shown in Eq. (2).

s F z Wex� � �, 	 (2)

In Eq. (2), W represents the weight matrix of the fully 
connected layer, and Fex represents the activation oper-
ation. The reweighting operation multiplies the learned 
channel weights S by the corresponding channels in the 
original feature map u, weighting the feature map to high-
light important channels and suppress unimportant ones. 
The output feature map u* is calculated as shown in Eq. (3).

u F u s s uc c c c c
� � � � � �scale , 	 (3)

In Eq. (3), uc
* represents the c-th channel of the output 

feature map u*, and Fscale represents the Reweight oper-
ation. However, SENet generates a large computational 
load and parameter size when processing high-resolution 
images or feature maps with many channels, slowing down 
model training and inference speed. In tasks requiring fine 
local feature extraction, the performance may not be ideal. 
Therefore, the study proposes using depthwise separable 
convolutions to independently perform convolution opera-
tions on each channel. This not only improves the model's 
running efficiency but also captures image details and local 
structures more effectively. The structure of the depthwise 
separable convolution model is shown in Fig. 2.

As illustrated in Fig. 2, depthwise separable convolution 
breaks down standard convolution into two stages: Depthwise 
Convolution (DC) and Pointwise Convolution (PC). In con-
volution calculation, each time, M convolution kernels of 
size L × L are used, and the output is generally 1. PC, on the 
other hand, uses M convolution kernels of size 1 × 1 in each 

Fig. 1 Structure of SENet attention channel model
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operation for convolution filtering. DC and PC together form 
a standard convolution with a kernel size of L × L and M 
channels. The computational load of DC FLOPsdw is calcu-
lated as shown in Eq. (4).

FLOP C H W k ksdw � � � � �in out out 	 (4)

In Eq. (4), Cin represents the number of input channels of 
the feature map, Hout and Wout represent the height and width 
of feature map after DC, and k is the size of the convolution 
kernel. The computational load of PC FLOPsqw is computed 
as demonstrated in Eq. (5).

FLOP C C H Wspw � � � �in out out out
	 (5)

In Eq. (5), Cin represents the number of channels of PC, 
Hout and Wout are the height and width of the output feature 
map, and Cout is the number of output channels. The total 
computational load FLOPsds of depthwise separable convo-
lution is the sum of the computational loads of DC and PC, 
as given by Eq. (6).

FLOP C C H W
C H W k k

sds � � � �

� � � � �
in out out out

in out out

	 (6)

Subsequently, the study adopts SENet optimized with 
Deep Separable Convolution, named Depthwise Separable 
SENet (D-SENet). The deep convolution in the Deep 
Separable Convolution in this new attention mechanism 
extracts features for each channel separately and better 
captures the spatial features of the image. This enables 
SENet to provide richer spatial information when learning 
the channel attention mechanism, which helps SENet more 
accurately judge the importance of different channel fea-
tures. The operation process of D-SENet is shown in Fig. 3.

As shown in Fig. 3, D-SENet first inputs the image to be 
recognized, then optimizes it through deep separable convo-
lution to reduce the number of parameters, then inputs it into 
SENet and assigns it to network training, and finally uses the 

discriminator to determine whether the image recognition is 
completed, and outputs the recognized image after comple-
tion. The calculation process of the computational amount 
FLOPsstd of the standard convolution is shown in Eq. (7).

FLOP C C H W k ksstd � � � � � �in out out out 	 (7)

Combining Equations (6) and (7), when Cin, Cout, Hout, 
Wout, and k are large, the computational complexity of 
depthwise separable convolution is significantly smaller 
than that of standard convolution, indicating its advantage 
in computational efficiency.

3.2 Design of traffic sign recognition model combining 
attention mechanism and YOLOv4
Although the D-SENet recognition algorithm can effec-
tively recognize traffic sign image data, multiple types and 
sizes of traffic signs often appear simultaneously in traffic 
scenes. D-SENet is more focused on image classification 
tasks and has significant limitations in the accuracy and 
efficiency of multi-object detection. YOLOv4 is an end-to-
end object detection algorithm that directly outputs detec-
tion results from the input image, making both training 
and inference processes more efficient (Song et al., 2023). 
Therefore, the study proposes using the advantages of 
YOLOv4, such as fast detection speed, strong multi-object 
detection capability, and efficient detection of small objects, 
to tackle the aforementioned challenges. The YOLOv4 
structure is shown in Fig. 4.

As illustrated in Fig. 4, the YOLOv4 algorithm is pri-
marily composed of the backbone network, neck network, 
and detection head. CSPDarknet53 serves as the backbone 
network, with each grid unit on every feature map respon-
sible for predicting multiple bounding boxes. Each bound-
ing box contains the class information, position informa-
tion, and confidence level of the object. In object detection, 
the predicted bounding boxes need to be regressed to make 
them as close as possible to the ground truth bounding 
boxes. Let the pre-set box be b and the ground truth box be 
bgt, and their positions are shown in Eq. (8).

b x y w h

b x y w hgt gt gt gt gt

� � �
� � �

�
�
�

��

, , ,

, , ,
	 (8)

In Eq. (8), (x, y) and (w, h) represent the center coordinates 
and the width and height of the bounding box, respectively. 
Taking into account factors such as the distance between the 
center of the bounding boxes and the aspect ratio, the bound-
ing box regression loss is computed as shown in Eq. (9).

Fig. 2 Structure diagram of the depthwise separable convolution model
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In Eq. (9), IoU is the Intersection-over-Union of the pre-
dicted and ground truth boxes, ρ2(b, bgt) is the Euclidean 
distance squared between the centers of the predicted and 
ground truth boxes, c is the diagonal length of the min-
imum enclosing rectangle, α is the weight coefficient, 
and υ is the parameter measuring the consistency of the 
aspect ratio. In object detection, there is often an imbal-
ance between positive and negative samples. To solve this 
problem, YOLOv4 uses classification loss to adjust the 
weights of different samples. The classification loss is cal-
culated as shown in Eq. (10).

L p pFocal t t t� � �� � � �� �
1 log 	 (10)

In Eq. (10), αt represents the weight coefficient that bal-
ances positive and negative samples, while denotes the 
adjustment factor. The object confidence score reflects 
the probability that the predicted bounding box contains 
an object. YOLOv4 employs binary cross-entropy loss to 
compute the object confidence loss, as shown in Eq. (11).

L C C C Cgt gt
Confidence � � � � � �� � �� �log log1 1 	 (11)

In Eq. (11), C is the predicted object confidence, and Cgt 
is the ground truth object confidence. In real image data, 
noise interferes with YOLOv4's ability to extract and rec-
ognize object features, leading to a decrease in detection 
accuracy (Sun et al., 2023). Therefore, the study proposes 
using a soft thresholding module, which shrinks the feature 
values corresponding to noise near zero, to process the fea-
ture map and improve detection accuracy. The structure of 
the soft thresholding module is shown in Fig. 5.

As illustrated in Fig. 5, the input image A has a size 
of c × h × w. A changes the structure of the ReLU acti-
vation layer and convolution layer to generate image B. 
Global average pooling is then applied to obtain the ini-
tial threshold S. The initial threshold is used to obtain a 
scaling vector M, which is then combined with M and S to 
calculate the final threshold. Finally, based on this thresh-
old, the noise in the feature map B is filtered, and the final 
result O is output. The soft thresholding decision process 
is shown in Eq. (12).

Fig. 3 Operation flow chart of D-SENet

Fig. 4 Structure diagram of the YOLOv4 algorithm 
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In Eq. (12), x and y represent input and output respec-
tively, and τ represents threshold. Subsequently, the soft 
threshold processing is performed on the coefficients in the 
transform domain. The operation of the soft threshold pro-
cessing is shown in Eq. (13).
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In Eq. (13), Wj,k is the original transform domain coef-
ficient, and Wj,k is the coefficient after soft threshold pro-
cessing. In summary, the soft threshold denoising module 
ensures the removal of noise before feature fusion, avoid-
ing noise interference in subsequent target positioning 
and classification, especially for small target detection. 
This soft threshold denoising module enhances seman-
tic feature extraction through adaptive noise suppres-
sion. Its complex semantic extraction mechanism utilizes 
a global average pooling layer to capture the global con-
text of the feature map and generate an initial threshold. 
The final threshold is dynamically adjusted using a learn-
able scaling vector, enabling the module to distinguish 
between noise and subtle semantic features. Noise is fil-
tered from shallow, high-resolution feature maps to pre-
vent noise from being amplified during subsequent fea-
ture pyramid propagation. The denoised feature maps are 
then fed into the attention module, which focuses chan-
nel weight allocation on valid semantic regions, form-
ing a cascaded "denoising-attention enhancement" opti-
mization process. The new traffic sign recognition model 
after integrating D-SENet channel attention mechanism, 
soft threshold denoising module and YOLOv4 is named 
Depthwise Separable SENet YOLOv4 (DSS-YOLOv4).  
The model's processing and recognition process for traffic 
signs is shown in Fig. 6.

In Fig. 6, after the input feature map is processed by 
CSPDarknet53 for feature extraction, the soft threshold 
denoising module removes noise from these input fea-
ture maps. CSPDarknet53 outputs feature maps at mul-
tiple scales, and D-SENet is applied to these multi-scale 
feature maps. The DSS-YOLOv4 backbone network com-
bines the characteristics of CSPNet and Darknet, while 
the neck network uses Path Aggregation Network (PANet) 
and spatial pyramid pooling modules. The detection head 
is improved using multi-scale detection.

4 Performance evaluation of traffic sign recognition 
method improved by YOLOv4
4.1 Effect verification of improved D-SENet channel 
attention mechanism
To verify the superiority of the D-SENet channel attention 
mechanism, the study compared it with three attention mech-
anisms for image recognition: Efficient Channel Attention 
Network (ECA-Net), Convolutional Block Attention Module 
(CBAM), and Dual Attention Network (DANet). The exper-
imental system was set up with Windows 10, Ubuntu 10.08 
operating system, PyTorch 1.7.0deep learning frame-
work, Adam optimizer, Python 3.8programming language, 
NVIDIA TITAN XP Graphics Processing Unit, and 48GB of 
RAM. To ensure the authenticity and reliability of the exper-
iment, the TT100K dataset and CCTSDB 2021 dataset were 
selected for testing and training, covering a variety of traffic 
scenarios and annotating 128 types of traffic signs. D-SENet, 
ECA-Net, CBAM, and DANet were tested for accuracy on 
both datasets. The test results are shown in Fig. 7.

As shown in Fig. 7 (a), when D-SENet was trained on the 
TT100K dataset, the accuracy reached 98.5% when the num-
ber of iterations was 5. The overall accuracy curve gradu-
ally stabilized after 10 iterations. The DANet accuracy curve 
fluctuated significantly. When the number of iterations was 
0–20, the accuracy fluctuated greatly, reaching a maximum 
of 80.2%. The accuracy curve of CBAM was relatively flat 
when the number of iterations was 0–20, and there was a sig-
nificant fluctuation when the number of iterations was 25–40, 

Fig. 5 Structure diagram of the soft thresholding module structure diagram
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with a maximum accuracy of 79.8%. The average accuracy 
of ECA-Net was the lowest among the comparison algo-
rithms, and it only maintained around 60% after stabilization. 
As shown in Fig. 7(b), when D-SENet was trained on the 
CCTSDB 2021 dataset, the overall accuracy curve gradually 
stabilized after 10 iterations, with a maximum accuracy of 
98.4%. The accuracy of DANet fluctuated greatly, reaching a 
maximum of 81.4%. The accuracy curve of CBAM showed 
a gentle rise, with a maximum accuracy of 80.5%. The accu-
racy of ECA-Net dropped significantly when the number 
of iterations was 25–35, and then stabilized at around 60%.  
In summary, D-SENet showed higher accuracy, stronger con-
vergence, and did not decrease with the increase in the num-
ber of iterations, which was significantly better than the com-
parison algorithms. At the same time, in order to demonstrate 
the feature prediction performance of D-SENet, the study 
selected 180 traffic sign images for prediction evaluation, and 
the test results are shown in Fig. 8.

As shown in Fig. 8, when the training time for D-SENet 
was 43.6 sec, the number of recognized predictions closely 
matched the real number, with 165 traffic sign images suc-
cessfully identified. When the training time was between 
20 s and 30 s, the prediction performance for traffic signs 
was weaker, with 80 images not successfully predicted. 
At 40.5 s of training time, 120 images were correctly pre-
dicted, but due to the complexity and blurriness of some 
traffic signs, the predictions did not match the real images 
accurately. In summary, the D-SENet traffic sign image rec-
ognition algorithm was capable of predicting various types of 
traffic signs, with overall good recognition accuracy. To fur-
ther demonstrate D-SENet's recognition performance, the 
study continued to test its precision, recall ratio, and the 
harmonic mean of recall (F1-score) against ECA-Net, 
CBAM, and DANet. The test results are shown in Table 1.

As shown in Table 1, when tested on the TT100K data-
set, D-SENet achieved a precision of 96.35%, recall ratio 

Fig. 6 Flowchart of traffic sign recognition using the proposed model

Fig. 7 Accuracy test results comparison chart: (a) Accuracy curve in the TT100K dataset; (b) Accuracy curve in the CCTSDB 2021 dataset
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of 95.88%, and F1-score of 95.12%. ECA-Net had a preci-
sion and recall ratio of 92.14% and 90.23%, respectively, 
which were 4.21% and 5.65% lower than those of D-SENet. 
On the CCTSDB 2021 dataset, CBAM's recall ratio and 
F1-score were 88.95% and 92.13%, respectively, both 
lower than those of D-SENet. For both datasets, DANet's 
three indicators did not exceed 90%, with a recall ratio of 
87.96%, which was 10.27% lower than those of D-SENet. 
The introduction of the SENet channel attention mecha-
nism significantly enhances the model's ability to weight 
key color channels. This mechanism adaptively enhances 
discriminative color information while suppressing inter-
fering channels, effectively reducing confusion between 
similarly colored landmarks (as evidenced by the high pre-
cision and recall in Table 1). However, it should be noted 
that the model may still struggle to distinguish between 
landmarks in extreme lighting conditions (such as strong 
backlight or dusk) or in scenes with extremely high color 
similarity due to severe fading and color distortion.

4.2 Evaluation and analysis of the improved YOLOv4 
image classification model
After validating the performance of the D-SENet traffic sign 
recognition algorithm, the study further evaluated the per-
formance of the DSS-YOLOv4 image classification model, 

which was based on D-SENet and YOLOv4 improvements, 
by comparing it with Faster Region-based Convolutional 
Neural Network (Faster R-CNN), Field-Programmable 
Gate Array (FPGA), and transfer learning ensemble algo-
rithms. The experiment used PyTorch as the core deep learn-
ing framework, with the development environment set to 
Anaconda 3. The hardware configuration included an Intel 
Xeon Gold 6230R CPU, an NVIDIA GeForce RTX 3080 
GPU, and the traffic sign classification recognition datasets 
CTSDB and CCTSDB. The study tested the accuracy of four 
image classification recognition models–DSS-YOLOv4, 
Transfer learning ensemble, Faster R-CNN, and FPGA–on 
four main recognition tasks. The results are shown in Fig. 9.

As shown in Fig. 9 (a), the accuracy of DSS-YOLOv4 
in the recognition test of traffic prohibition signs was 0.95, 
the accuracy in the recognition test of traffic warning signs 
was 0.97, and the accuracy in the recognition test of traffic 

Fig. 8 Feature prediction performance comparison results

Fig. 9 Traffic sign recognition accuracy experimental results: 
(a) Recognition result of DSS-YOLOv4 model; (b) Recognition result of 

Transfer learning ensemble midel; (c) Recognition result of Faster R-CNN 
model; (d) Recognition result of FPGA model identification result

Table 1 Precision, recall ratio and F1-score experimental results

z Algorithm Precision (%) Recall (%) F1-score (%)

TT100K

D-SENet 96.35 95.88 95.12

ECA-Net 92.14 90.23 91.45

CBAM 91.66 90.25 92.41

DANet 84.83 89.68 88.12

CCTSDB 
2021

D-SENet 97.45 98.23 97.65

ECA-Net 89.23 90.66 89.46

CBAM 90.11 88.95 92.13

DANet 85.98 87.96 90.17
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instructions and road signs was 0.98. Only some images 
were recognized as the wrong type. As shown in Fig. 9 (b), 
the accuracy of the transfer learning integrated image clas-
sification recognition model in the recognition test of traffic 
prohibition signs was 0.93, and the accuracy in the recog-
nition test of traffic warning signs and road signs was 0.92. 
As shown in Fig. 9 (c), the recognition accuracy of Faster 
R-CNN for traffic prohibition signs and road signs was low, 
with recognition accuracies of 0.89 and 0.88, respectively. 
As shown in Fig. 9 (d), the recognition accuracy of FPGA 
for the four types of traffic signs was low, with the high-
est being 0.90. In summary, DSS-YOLOv4 performed good 
recognition of different types of traffic signs and was sig-
nificantly better than the comparison model. In order to fur-
ther verify the recognition effect of DSS-YOLOv4 on dif-
ferent types of traffic signs on actual traffic sections, the 
recognition accuracy visualization effect of it and the other 
three comparison models is shown in Fig. 10.

As shown in Fig. 10 (a), DSS-YOLOv4 achieved the 
best recognition performance for unobstructed traffic 
signs, with a detection accuracy of up to 0.99. The rec-
ognition performance slightly decreased for signs with 
occlusions or at a distance. As shown in Fig. 10 (b), the 
transfer learning ensemble model had poor recognition 
for small traffic signs, with the lowest accuracy being 0.81.  
As shown in Fig. 10 (c), Faster R-CNN achieved a maximum 
detection accuracy of 0.95 for unobstructed traffic signs 

and a minimum of 0.86. As shown in Fig. 10 (d), FPGA's 
detection accuracy for various traffic signs was low, with 
the highest accuracy being only 0.89. The research meth-
od's recognition performance for complex-shaped traffic 
signs benefits from the D-SENet attention mechanism 
optimized with deep separable convolutions. The model 
excels at extracting local details and spatial features.  
This enables the model to effectively capture subtle fea-
tures of non-standard shapes and slender structures (such 
as some warning signs), significantly improving rec-
ognition accuracy for such objects. However, for com-
plex-shaped signs that are extremely rare or lack sufficient 
training data, the model's generalization ability may still 
be limited, resulting in reduced recognition confidence or 
misclassification. Therefore, to test the robustness of the 
algorithm model to noise interference, −10dB Gaussian 
Signal-to-Noise Ratio (SNR) noise was added for com-
parison. The Average Precision (AP) comparisons of the 
four models are shown in Fig. 11.

As shown in Fig. 11, after adding −10 dB Gaussian sig-
nal-to-noise ratio noise, the average precision of the four 
algorithm models showed a general decline. However, 
compared with Faster R-CNN, transfer learning integra-
tion, and FPGA recognition models, the decline of DSS-
YOLOv4 was smaller, dropping from the original 95% to 
nearly 90%. The experimental results showed that DSS-
YOLOv4 had better robustness.

Fig. 10 Visualization of recognition accuracy : (a) Target recognition result of DSS-YOLOv4; (b) Target recognition result of Transfer learning 
ensemble; (c) Target recognition result of Faster R-CNN; (d) Target recognition result of FPGA
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