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Abstract: Traffic sign recognition plays a crucial role in enhancing the safety and efficiency of traffic
systems. However, in snowy conditions, traffic signs are often obscured by particles, leading to a
severe decrease in detection accuracy. To address this challenge, we propose an improved YOLOv8-
based model for traffic sign recognition. Initially, we introduce a Multi-Scale Group Convolution
(MSGC) module to replace the C2f module in the YOLOv8 backbone. Data indicate that MSGC
enhances detection accuracy while maintaining model lightweightness. Subsequently, to improve the
recognition ability for small targets, we introduce an enhanced small target detection layer, which
enhances small target detection accuracy while reducing parameters. In addition, we replaced the
original BCE loss with the improved EfficientSlide loss to improve the sample imbalance problem.
Finally, we integrate Deformable Attention into the model to improve the detection efficiency and
performance of complex targets. The resulting fused model, named MSGC-YOLOv8, is evaluated
on an enhanced dataset of snow-covered traffic signs. Experimental results show that the MSGC-
YOLOv8 model is used for snow road traffic sign recognition. Compared with the YOLOv8n model
mAP@0.5:0.95, mAP@0.5:0.95 is increased by 17.7% and 18.1%, respectively, greatly improving the
detection accuracy. Compared with the YOLOv8s model, while the parameters are reduced by 59.6%,
mAP@0.5 only loses 1.5%. Considering all aspects of the data, our proposed model shows high
detection efficiency and accuracy under snowy conditions.

Keywords: YOLOv8; traffic sign detection; small target detection; group convolution; data augmentation

MSC: 68T07

1. Introduction

With the rapid development of today’s era, the wide application of artificial intelli-
gence, and the continuous maturation of intelligent driving technology, the traditional
driving mode is constantly being replaced. In this context, the safety of intelligent driving
technology becomes particularly important. With traffic sign recognition technology, as
an important part of the intelligent transportation system (ITS) [1], the accuracy of its
recognition is directly related to whether the driving system is safe and reliable. Traffic sign
recognition (TSR) [2] is mainly used to collect and recognize the traffic signs on the road
(e.g., speed limit, no left turn, and high limit) during the process of automobile driving,
and the main goal of TSR is to make the driving system able to automatically recognize the
various traffic signs on the road, and to provide the driver with a safe, reliable, and reliable
driving system through the use of computerized image processing and pattern recognition
and other related technologies. The main goal of TSR is to enable the driving system to
automatically recognize all kinds of traffic signs on the road by using computer image
processing and pattern recognition technologies, so as to provide timely and accurate traffic
information for the driver and the vehicle system. Nowadays, the rapid development of
deep learning, image recognition and other fields provides strong support for traffic sign
recognition technology. The research on traffic sign recognition technology can not only
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improve the safety of road driving, but also help to realize the modernization of intelligent
driving and traffic flow management. Therefore, the study of automatic recognition of
traffic signs is of great significance for road safety, traffic management and scientific and
technological development.

At present, the methods for traffic sign recognition can be mainly divided into two
categories: traditional methods and methods based on deep learning.

The traditional traffic sign recognition methods are mainly based on color space
analysis or shape analysis traffic signs [3,4], which use different color features and shape
information among various types of traffic signs for recognition. After recognition, a
predefined traffic sign template is matched with a local region in the image, or a classifier is
used to classify the sign to detect and recognize the traffic sign. However, both of these
methods can significantly reduce the detection effect as the shape of the traffic sign changes
or the color of the traffic sign falls off.

The second is the deep learning-based traffic sign recognition method. The rapid
development of deep learning in recent years has provided strong support for the re-
search of traffic sign recognition technology. Deep learning detection algorithms are gener-
ally categorized into two-stage detection algorithms typically represented by R-CNN [5],
Fast-RCNN [6] and Faster-RCNN [7], and one-stage detection algorithms represented by
YOLO [8–14], SSD and Overfeat [15]. Due to the cumbersome model structure of two-stage
detection algorithms such as R-CNN, which results in slower detection speed, it is difficult
to meet the needs of actual traffic sign recognition. In contrast, one-stage detection algo-
rithms have faster detection speed and can maintain good accuracy at the same time. In the
detection research on traffic signs in recent years, a large number of scholars have adopted
the YOLO series of algorithms to detect and identify traffic signs. And YOLOv8 [16], as the
latest open-source detection algorithm in the YOLO series of algorithms, is characterized
by fast speed and high accuracy. Therefore, this paper chooses the YOLOv8 algorithm to
detect and recognize traffic signs.

However, the current traffic sign recognition task is mainly carried out for simple
scenes. In the case of snowy weather, in order to solve the problem of low traffic sign
recognition accuracy and difficult recognition, this paper proposes an improved YOLOv8
model, which mainly has the following improvements:

(a) Multi-Scale Group Convolution is integrated into the original YOLOv8 model to make
the model lightweight while improving detection accuracy.

(b) Add an improved small target detection layer to enhance the model’s detection accu-
racy for small targets.

(c) The YOLOv8 model’s BCE loss has been replaced with the EfficientSlide loss. This
change smooths the model parameters and improves its stability and robustness.

(d) Integrating Deformable Attention into the MSGC-YOLO model improves detection
efficiency and performance, making it more efficient and accurate when processing
complex visual tasks.

The improved model has significantly improved the accuracy of traffic sign recognition
under snowy conditions. This method solves the problem of wrong detection and missed
detection of traffic signs in snowy environment to a certain extent.

The work arrangement of the following chapters of this article is as follows: Section 2
introduces the relevant work background and research status at home and abroad, and
proposes the superiority of the method in this article; Section 3 introduces the main im-
provement points and improvement methodology of the model in this article; Section 4 The
effectiveness of this algorithm is verified through experiments; finally, Section 5 concludes
that the algorithm has shown good performance in a variety of complex environments
including snow, has high robustness and generalization, and has certain practical applica-
tion value.
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2. Related Work

Traffic sign detection is a crucial task in computer vision, with applications ranging
from autonomous driving to intelligent transportation systems. Over the years, significant
progress has been made in this field, driven by advancements in deep learning techniques
and the availability of large-scale annotated datasets.

Early traffic sign detection systems often relied on handcrafted features and classical
machine learning algorithms. For example, Houben et al. [17] proposed a method based on
Histogram of Oriented Gradients (HOG) features for traffic sign detection.

In recent years, deep learning has revolutionized traffic sign detection, enabling end-to-
end learning from raw pixel data. CNN-based architectures have become the cornerstone
of modern traffic sign detection systems. For instance, Sermanet et al. [18] introduced
a CNN-based approach for traffic sign detection and recognition, achieving state-of-the-
art performance.

Variability in traffic sign appearance and adverse environmental conditions pose
significant challenges for traffic sign detection systems. To address these challenges, re-
searchers have proposed various solutions. For example, Dewi and Christine [19] presented
a method for robust traffic sign detection using spatial pyramid pooling and multi-scale
feature fusion.

Recent advances in deep learning have significantly improved TSR performance, but
challenges remain, especially in dealing with variability and adverse conditions. Ongoing
research efforts are needed to develop robust, real-time TSR systems that can operate
effectively in diverse environments.

For example, in the above-mentioned literature, the HOG feature traffic sign method is
quite sensitive to noise. In practical applications, after Block and Cell division, sometimes a
Gaussian smoothing is performed to remove noise in each image area. And it itself does not
have scale invariance, and its scale invariance is achieved by scaling the size of the detection
window image; in order to pursue high classification accuracy, CNN has deepened the
depth of the model and increased the complexity, resulting in high memory usage of the
model and slow training speed. The power consumption and hardware performance of
traffic sign recognition equipment are low, and the speed and accuracy requirements of
the model are high, which makes the existing CNN model difficult to apply in practice.
Robust traffic sign detection uses spatial pyramid pooling and multi-scale feature fusion.
The method is mainly based on the YOLOv3 model, and today’s YOLOv8 algorithm is
lighter in size and has higher detection accuracy.

This article will use the latest YOLOv8 model for improvement. Most current research
is on traffic sign recognition for simple weather such as clear or dark. In order to solve the
problem of inaccurate traffic sign detection under snowy conditions, this paper proposes
MSGC-YOLO, a model that is lighter, smaller and has higher detection accuracy than
today’s popular algorithms. MSGC-YOLO is effective in inspecting small target traffic signs
and shows good performance.

3. Methodology

This article proposes the MSGC-YOLO fusion model. MSGC-YOLO fuses multi-scale
grouped convolutions into the enhanced YOLOv8 backbone, adding additional detection
layers for small objects and improving the classification loss function. It makes the model
lightweight while improving detection accuracy. It integrates the Deformable Attention
mechanism into the MSGC-YOLO model to effectively extract complex information and
improve model detection performance. In this section, we will elaborate on the model
framework, parameters, and specific implementation solutions.

3.1. YOLOv8n Model and Improvement Method
3.1.1. YOLOv8n Network

The YOLOv8 series model, as the latest YOLO series target detection model, is mainly
aimed at tasks such as target detection, image classification and instance segmentation. Its
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category includes a total of five models. According to the model size and training speed, it
can be divided into YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x. Based on
the needs of actual tasks, this article selects the fastest and smallest YOLOv8n model as the
benchmark model. The YOLOv8n model is shown in Figure 1.

Mathematics 2024, 12, x FOR PEER REVIEW  4  of  19 
 

 

3.1. YOLOv8n Model and Improvement Method 

3.1.1. YOLOv8n Network 

The YOLOv8 series model, as the latest YOLO series target detection model, is mainly 

aimed at tasks such as target detection, image classification and instance segmentation. Its 

category includes a total of five models. According to the model size and training speed, 

it can be divided into YOLOv8n, YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x. Based 

on the needs of actual tasks, this article selects the fastest and smallest YOLOv8n model 

as the benchmark model. The YOLOv8n model is shown in Figure 1. 

The YOLOv8n model detection network  is mainly divided  into  the  following  four 

parts: input, backbone, neck, and head. The input end uses mosaic data enhancement and 

introduces the idea of YOLOx to close the last 10 epochs to repair the accuracy loss problem 

after the early input size is aligned to 640 × 640; uses adaptive anchor box calculation and 

adaptive grayscale filling to reduce anchors; a number of box predictions to speed up non-

maximum suppression NMS. The backbone network and neck part replace the block from 

C3 to C2F, and capture feature information of different scales through different convolution 

kernel sizes and strides. This enables the model to better adapt to targets of different shapes 

and sizes and improves the model’s detection capabilities and accuracy. In terms of head, 

the classification and detection heads are separated  from anchor-based  to anchor-free  to 

form a decoupled head structure. Loss calculation includes classification loss function and 

regression loss function. The classification loss uses the BCE loss function, and the regres-

sion loss consists of two parts, namely CIOU and DFL function. 

 

Figure 1. Overall architecture of YOLO. 

   

Figure 1. Overall architecture of YOLO.

The YOLOv8n model detection network is mainly divided into the following four
parts: input, backbone, neck, and head. The input end uses mosaic data enhancement and
introduces the idea of YOLOx to close the last 10 epochs to repair the accuracy loss problem
after the early input size is aligned to 640 × 640; uses adaptive anchor box calculation
and adaptive grayscale filling to reduce anchors; a number of box predictions to speed
up non-maximum suppression NMS. The backbone network and neck part replace the
block from C3 to C2F, and capture feature information of different scales through different
convolution kernel sizes and strides. This enables the model to better adapt to targets of
different shapes and sizes and improves the model’s detection capabilities and accuracy. In
terms of head, the classification and detection heads are separated from anchor-based to
anchor-free to form a decoupled head structure. Loss calculation includes classification loss
function and regression loss function. The classification loss uses the BCE loss function,
and the regression loss consists of two parts, namely CIOU and DFL function.

3.1.2. Model Improvement Strategies

Aiming at the problem that the Yolov8 network model has low detection accuracy in
snow conditions and the number of model parameters is large, this article introduces a
MSGC-YOLOv8 traffic sign detection model. The model structure is shown in Figure 2.
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There are four main improvement parts. In the feature extraction backbone network
and neck layer, part of the C2f module is replaced by the MSGC module, which reduces
the number of parameters and slightly improves the accuracy. To address the problem of
inaccurate small target detection, a small target detection layer is added. This makes it
better for small target detection. Replace the classification loss function BCE loss with Effi-
cientSlide loss to better solve the problem of sample imbalance. The Deformable Attention
mechanism is added after the SPPF layer to greatly improve the detection accuracy of small
target traffic signs.

3.2. Multi-Scale Group Convolution

In the YOLOv8 backbone, the MSGC replaces some C2f modules. MSGC is smaller
than convolution and can obtain multi-scale features. Improve detection accuracy and
training speed while reducing model size. The MSGC structure is shown in Figure 3.

Multi-Scale Grouping Conv is mainly implemented through the idea of group con-
volution [20]. Compared with Conv with the same number of channels, MSGC has a
lower number of input and output parameters and calculations. Multi-scale information
can be extracted while reducing the number of parameters and calculations. The Ghost
module [21] found that in a set of feature maps output by a certain layer of visual Resnet-50,
some channel contents are similar. This kind of information is called redundant information.
For this type of information, the Ghost module suggests using simple linear operations
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to generate ghosts. And the size of the feature map remains the same as the size of the
original feature map. The redundant information is shown in Figure 4.
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Figure 4. Redundant information.

Inspired by the idea of depth-wise separable convolution [22], we proposed the MSGC
module in order to avoid too much redundant information. MSGC divides a Conv into
two parts, one half is directly connected, and the other part is split again. And perform a
3 × 3 convolution on the two-quarters obtained and a 5 × 5 convolution on the other part.
Splice the features obtained separately. However, since these features are completed in a
single feature channel, the information between each feature channel is independent of
each other. Therefore, this article adopts the method in MobileNetV2 [23], using Pointwise
Conv [24] to increase or decrease the dimension to fuse the features of each channel.

Due to the smaller number of parameters required in the MSGC module than in the
C2f module and the existence of multi-scale information, replacing part of the C2f module
in the network with the MSGC module can reduce the number of model parameters and
slightly improve the accuracy, making the model more lightweight.

3.3. Small Target Detection Layer

One of the main challenges when performing traffic sign recognition is that most
targets are small-sized samples. Due to the small size of these small targets, and the
relatively large downsampling multiple of YOLOv8, it is difficult for deep feature maps to
effectively capture the key feature information of small targets.
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In order to solve the above problems, this paper proposes a method of adding a
small target detection layer. The scale of this layer is set to 160 × 160, and a feature
fusion neck layer and corresponding detection head are introduced to enhance the feature
information extraction capability of small targets. First, the fifth 80 × 80 scale feature
layer of the backbone network and the neck layer upsampling features are further stacked
upward. Through the C2f module and upsampling processing, they are stacked with the
third shallow position feature layer in the backbone network to obtain a 160 × 160 scale
fusion feature containing small target feature information. Next, additional decoupling
heads are added to the obtained feature information to extract target position and category
information, respectively, learn through different network branches, and finally perform
feature fusion. Improve the detection accuracy and range of smaller traffic signs and
increase accuracy.

3.4. EfficientSlide Loss

The original Yolov8n network model uses the BCE classification loss function, which
is mainly suitable for binary classification tasks. And in the case of multi-label classification
tasks. It often happens that the number base of easy samples is large and the number base
of difficult samples is sparse.

To address this problem, YOLO-Face2 [25] introduces a sample weighting function
(Slide) in detection. The difference between simple samples and difficult samples is based
on the Intersection-over-Union (IoU) size of the prediction box and the ground truth
box. However, samples near the boundaries tend to suffer larger losses due to unclear
classification. In this case Slideloss tries to assign higher weights to difficult samples.
First, the samples are divided into positive samples and negative samples by parameter µ.
Then, the samples at the boundaries are emphasized through the weighting function Slide.
Slideloss is shown in Figure 5.
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Although this method can solve the problem of category imbalance to a certain extent,
due to the lack of moving average thinking, when the model begins to converge in the later
stages of model training, parameter values usually jump. A monotonic focusing mechanism
for cross-entropy proposed in Focal loss [26] can effectively reduce the impact of simple
examples on the loss value. This allows the model to focus on difficult examples and
improve classification performance. For this reason, this article introduces the Exponential
Moving Average (EMA) mechanism and proposes the EfficientSlide loss function to solve
the problem of sample imbalance while weakening the impact of long-term data. By
constructing the dynamic monotonic focus coefficient Lγ

Slide of Slide Loss, the coefficient
introduces the idea of sliding average into Slide Loss, which can be used to smooth the
model parameters and enhance the stability and robustness of the model. Its definition can
be expressed as:

EMA : Vt = β · Vt−1 + (1 − β) · θt (1)
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Vt represents the average value of the previous t items (V0 = 0), and β is the weighted
weight value (generally set to 0.9–0.999).

E f f icientSlideloss =


Lγ

Slide
Lγ

Slidee1−µ

Lγ
Slidee1−x

x < µ − 0.1
µ < x < µ − 0.1

x ≥ µ
(2)

We compared the improved EfficientSlide loss with the BCE loss and Slide loss of the
original model. The experimental results are shown in Table 1. The data fully prove the
effectiveness of the EfficientSlide loss improved in this article.

Table 1. Loss function performance comparison.

Methods mAP@0.5/% mAP@0.5:0.95/%

BCE loss 63.8 48.0
Slide loss 64.1 47.9

EfficientSlide loss 65.0 48.9

3.5. Deformable Attention Transformer

Deformable Attention Transformer (DAT) [27] contains a Deformable Attention mecha-
nism that allows the model to dynamically adjust attention weights based on input content.
The design of this model is inspired by the combination of Deformable Convolutional
Networks (DCN) [28] and attention mechanisms to utilize deformation operations to dy-
namically adjust the shape and size of attention to better adapt to the structure of the
input data.

The traditional Transformer [29] uses a standard self-attention mechanism, which
processes all pixels in the image, resulting in a large amount of calculation. DAT introduces
a Deformable Attention mechanism, which only focuses on a small number of key areas in
the image. This approach can significantly reduce the computational effort while maintain-
ing good performance. In the Deformable Attention mechanism, DAT dynamically selects
sampling points instead of fixedly processing the entire image. This dynamic selection
mechanism allows the model to focus more intensively on those areas that are most impor-
tant to the current task. The design of DAT allows it to adapt to different image sizes and
contents, making it work effectively in a variety of vision tasks, such as image classification
and object detection. Deformable Attention is shown in Figure 6.

Mathematics 2024, 12, x FOR PEER REVIEW  9  of  19 
 

 

 

Figure 6. Deformable Attention Model. 

The figure above shows the  information flow of Deformable Attention. On the  left 

part, a set of reference points are evenly placed on the feature map, and the offsets of these 

points are learned by the query through the offset network. Then, as shown on the right, 

the deformed keys and values are projected from the sampled features based on the de-

formation points. The  relative position deviation  is  also  calculated  through  the defor-

mation points, which enhances the multi-head attention for outputting transformed fea-

tures. For clarity, only 4 reference points are shown in the figure, but in actual implemen-

tation, there are actually many more points. 

Figure 7 shows the detailed structure of the offset generation network. The sizes of 

the input and output feature maps of each layer are marked (this Offset network needs to 

be controlled in the network code to add or not add it). DAT generates a variety of refer-

ence points distributed on the image through the above method, thereby improving the 

efficiency of detection. 

 

Figure 7. Offset network. 

This article combines the Deformable Attention mechanism into the SPPF layer in the 

MSGC-YOLO model, adopts the dwc mode, and fixes the input size to 640 × 640. Focus 

your limited attention on key information to save resources and obtain the most effective 

information  quickly. This  is used  to  enhance model detection  efficiency  and  improve 

model detection accuracy. 

Figure 6. Deformable Attention Model.

The figure above shows the information flow of Deformable Attention. On the left
part, a set of reference points are evenly placed on the feature map, and the offsets of these
points are learned by the query through the offset network. Then, as shown on the right,
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the deformed keys and values are projected from the sampled features based on the defor-
mation points. The relative position deviation is also calculated through the deformation
points, which enhances the multi-head attention for outputting transformed features. For
clarity, only 4 reference points are shown in the figure, but in actual implementation, there
are actually many more points.

Figure 7 shows the detailed structure of the offset generation network. The sizes of
the input and output feature maps of each layer are marked (this Offset network needs
to be controlled in the network code to add or not add it). DAT generates a variety of
reference points distributed on the image through the above method, thereby improving
the efficiency of detection.
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Figure 7. Offset network.

This article combines the Deformable Attention mechanism into the SPPF layer in the
MSGC-YOLO model, adopts the dwc mode, and fixes the input size to 640 × 640. Focus
your limited attention on key information to save resources and obtain the most effective
information quickly. This is used to enhance model detection efficiency and improve model
detection accuracy.

4. Experiments
4.1. Dataset

The TT100K [30] dataset is a traffic sign dataset jointly produced by the joint laboratory
of Tencent and Tsinghua University. However, due to uneven category instances in the
original dataset, the dataset needs to be cleaned. This article only retains the instances with
more than 100 categories. The remade dataset has a total of 43 categories and 8524 images.
Since most of the existing traffic sign datasets are shot in simple environments, it is difficult
to accurately identify traffic signs under harsh climate conditions. Therefore, in response to
this situation, the tt100k dataset was data enhanced through python’s third-party library
imgaug. The original image was added with noise, changed saturation, brightness and
other operations to simulate the situation where the camera is blocked by snowflakes
in snowy conditions. We will divide the final dataset into the test set, training set and
validation set in a ratio of 2:7:1. The enhanced effect is shown in Figure 8.
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4.2. Experimental Environment

Our experiments were conducted using Python 3.8 and the PyTorch11.0 framework.
The development platform is a 64-bit Linux system, and the processor is a 16 vCPU Intel(R)
Xeon(R) Platinum 8352 V CPU @ 2.10 GHz. In order to improve training efficiency, NVIDIA
GeForce RTX 4090 GPU with CUDA 11.3 and CuDNN 10.0 is used for graphics acceleration
and accelerated through Baidu AutoDL cloud server resources. Furthermore, stochastic
gradient descent is used to control loss reduction, the batch size is set to 16; close mosaic
set to 10; workers set to 8, optimizer choose SGD and we use 150 training epochs.

4.3. Evaluation Criterion

We evaluate model performance and accuracy using standard precision (P), recall (R),
average precision (AP), mean average precision (mAP), parameter count (Params), and
speed (fps). Higher P and R values mean higher detection accuracy. mAP is an overall
measure of model performance and reflects the effectiveness of training. Compared to
P and R, mAP provides a more comprehensive evaluation of algorithm performance. In
this experiment, we used mAP@0.5 and mAP@0.5:0.95 to comprehensively evaluate the
model performance.

P =
TP

TP + FP
=

TP
alldetections

(3)

R =
TP

TP + FN
=

TP
allgroundtruths

(4)

AP =
∫ 1

0
Pi(Ri)dRi (5)

mAP =
1
n

n

∑
j=1

APj (6)

4.4. Ablation Experiment

In order to verify the effectiveness of the algorithm improvement module in this
article, YOLOv8n is selected as the benchmark model. Use indicators such as precision,
recall, mAP@0.5, mAP@0.5:0.95, Parameters and FPS for evaluation. Ablation experiments
with different permutations and combinations of multiple modules were conducted. The
experimental results are shown in Table 2.
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Table 2. Ablation experiment.

MSGC Block Small Layer Efficient
Slide

Deformable
Attention mAP@0.5/% mAP@0.5:0.95/% Parameters/M FPS/(f.s−1)

✘ ✘ ✘ ✘ 63.8 48.0 3.15 172.3
✔ ✘ ✘ ✘ 64.5 48.5 2.86 173.4
✘ ✔ ✘ ✘ 68.3 51.9 3.35 151.9
✘ ✘ ✔ ✘ 65.0 48.9 3.15 172.3
✘ ✘ ✘ ✔ 67.9 51.3 3.42 160.3
✔ ✔ ✘ ✘ 68.7 52.4 3.06 152.3
✔ ✘ ✔ ✘ 65.3 49.8 2.86 173.4
✘ ✔ ✘ ✔ 74.9 56.1 4.80 140.4
✘ ✔ ✔ ✘ 68.9 52.6 3.35 151.9
✔ ✔ ✔ ✘ 69.2 52.8 3.06 152.3
✔ ✔ ✔ ✔ 75.1 56.7 4.51 142.2

As shown in Table 2, after adding the MSGC module, YOLOv8n can reduce the num-
ber of parameters and increase mAP0.5:0.95 by 0.7% and 0.5%, respectively. After adding
the small target detection layer, although FPS are somewhat reduced, the accuracy can be
greatly improved. mAP0.5:0.95 is increased by 4.5% and 3.9%, respectively; after improving
the loss function, while maintaining the original model parameters and FPS unchanged,
mAP0.5:0.95 were improved, respectively, 1.2% and 0.9%; finally add Deformable Attention
mechanism, mAP was greatly improved, mAP0.5:0.95 increased by 4.1% and 3.3%, respec-
tively. The final improved MSGC-YOLO, although the number of parameters and FPS has
been lost, mAP0.5:0.95 has increased by 17.7% and 18.1% compared to the original model.
Although some speed is sacrificed, a large accuracy gain is gained. Since the YOLOv8n
original model has low detection accuracy, it is very important to improve the detection
accuracy. This makes the detection of traffic signs in snow more likely to be applied to
actual scenarios.

The visualization results of MSGC-YOLO and original YOLOv8n are shown in Figure 9.
Although adding the small object detection layer and Deformable Attention slightly in-
creases the number of model parameters, they significantly improve the recognition accu-
racy. In summary, combining these four improvements greatly improves detection accuracy,
making traffic sign detection in snowy environments more effective.
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4.5. Comparison with Other Classic Algorithmst

In order to explore the superiority of the improved model MSGC-YOLOv8 in this
article compared to the current popular traffic sign detection models, we compared it with
the current popular traffic sign detection models. (i.e., YOLOv7-tiny, YOLOX_s, YOLOv8s,
UniRepLKNet-YOLOv8, EfficientFormerV2-YOLOv8, Fasternet-YOLOv8). The results are
listed in Table 3.

Table 3. Comparison of performance of different models.

Methods mAP@0.5/% mAP@0.5:0.95/% Parameters/M FPS/(f.s−1)

YOLOv7-tiny 49.3 38.9 6.04 162.3
YOLOX_s 58.2 40.3 8.98 118.9
YOLOv8s 76.3 58.3 11.16 140.9

UniRepLKNet-YOLOv8 58.8 43.7 6.22 71.1
EfficientFormerV2-YOLOv8 65.7 49.7 5.25 98.0

Fasternet-YOLOv8 62.4 45.6 4.32 156.9
MSGC-YOLO 75.1 56.7 4.51 142.2

According to Table 3, among a series of YOLO algorithms, although YOLOv7-tiny
has a higher FPS, the accuracy loss is serious. The mAP0.5:0.9 of MSGC-YOLO has in-
creased by 52.3% and 45.7%, respectively. Compared with UniRepLKNet-YOLOv8 and
EfficientFormerV2-YOLOv8, the model in this article has higher detection accuracy and FPS
when the number of parameters is lower. Compared with Fasternet-YOLOv8, the model
in this article achieves obvious mAP advantages with a small difference in the number
of parameters. Finally, compared with the YOLOv8s model, this article only reduced
mAP0.5:0.95 by 1.5% and 2.7% while reducing the number of parameters by 59.6%. The
above data fully illustrate the superiority of the MSGC-YOLO detection algorithm.

4.6. Model Performance vs. Complexity Trade-Off

When analyzing the balance between model complexity and performance, we need
to consider several factors. First, the complexity of the model includes aspects such as
the number of parameters, computational complexity, and storage requirements. More
complex models typically have more parameters and computational requirements, which
can result in degraded performance or increased inference times in resource-constrained
environments. Performance, on the other hand, covers aspects such as model accuracy,
speed, and resource utilization. Ideally, we want the model to be as simple as possible
while maintaining high performance so that it is more efficient in real-world deployments.
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This article compares today’s popular models with the MSGC-YOLO model, using FPS and
mAP0.5 as evaluation indicators. The visualization results are shown in Figure 10.
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As can be seen from Figure 10, the algorithm in this article can achieve a better balance
between performance and complexity than other algorithms.

4.7. Detection Effect Comparison

Use YOLOv8n and our model to identify traffic signs in snowy conditions and compare
the detection results with images. The results are shown in Figure 11. As can be seen from
Figure I, the algorithm in this paper has higher detection accuracy when detecting a single
target. As can be seen from Figure II, the original YOLOv8n incorrectly identifies p10 and
p23, while MSGC-YOLO can correctly identify the flag information. As can be seen from
Figure III, when there are multiple targets, the number of targets detected by MSGC-YOLO
is relatively comprehensive, and it can detect targets even when the original model cannot
detect them. As can be seen from Figure IV, MSGC-YOLO can also detect traffic sign
information when facing small targets at long distances, but the original model cannot. The
above data fully prove that the algorithm proposed in this article can improve the problems
such as inaccurate expression of target features and difficulty in identifying small targets
detected under severe weather interference factors.
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4.8. Validation of Model Effectiveness in Other Environments

Due to the serious lack of traffic sign datasets in snowy weather, this paper adopts data
enhancement method to simulate snowy weather for training. This method can enhance
the robustness of the model and improve its performance in noisy environments. Image
recognition is most inseparable from pixel recognition. In a real environment, no matter
what kind of weather conditions, the most important factor that actually affects image
recognition is the change in pixels. As a result, the detection information cannot be matched
well. In this section, the trained snow traffic sign model will be used to detect traffic signs
in a variety of different real weather environments to verify the generalization of the model.
Since the selection of the original dataset may make it impossible to verify the validity of
the model, this article selects the CCTSDB [31] dataset to conduct inference verification of
the model under different weather environments. The results are shown in Figure 12.
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According to Figure 12, it can be seen that in the snowy conditions of Figure I, the
model of this article can detect the traffic signs very well, while the original model cannot
detect the traffic signs at all; in Figure II, although the original model also detects the traffic
signs logo. However, when faced with a variety of traffic signs and certain occlusions, the
model in this paper has obviously higher detection accuracy; in Figure III, under clear
weather conditions, MSGC-YOLO also achieves higher detection accuracy; finally, in Figure
IV conditions at night. Under the circumstances, the original model mistakenly detected
the lights of other cars as traffic signs, while the model in this paper not only has higher
accuracy but also has no misdetection.

From the above data, it can be concluded that the detection effect of this model is
not only improved in snowy days compared with the original model, it also has good
generalization and robustness in the face of various complex weather environments and
can provide better detection results.

4.9. Embedded System Deployment Feasibility

The MSGC-YOLO algorithm is used as a traffic sign recognition model and will be
deployed on embedded devices in practical applications. Therefore, the authors discuss
deployment feasibility in terms of model size and performance.

First, when deploying deep learning models on embedded devices, power consump-
tion and heat issues need to be considered. More complex models may require more
computing resources, resulting in increased power consumption or heating issues in the de-
vice. Therefore, when selecting models and deployment solutions, a balance between model
complexity and device resources needs to be weighed to ensure the stability and reliability
of embedded devices. Since the algorithm in this article has a lower number of parameters
and a higher FPS than YOLOv5s, this article uses YOLOv5s as the benchmark model.

We chose NVIDA’s jetson series for discussion. Today’s most popular embedded sys-
tem offers scalable software, modern AI stacks, flexible microservices and APIs, production-
ready ROS packages, and application-specific AI workflows at your fingertips. The new
generation Orin series it launched has stronger performance, faster speed, and greater
computing power. The new generation Orin model was benchmarked and the results are
shown in Figure 13.
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As can be seen from Figure 13, in the new generation Orin series, even the lightest 4
GB nano model has an FPS of 158 when tested using YOLOv5s, while MSGC-YOLO has
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a lower number of parameters and a higher accuracy than YOLOv5s. FPS. Therefore, the
model in this article will perfectly adapt to the deployment of embedded devices and have
better stability and reliability.

5. Conclusions

Aiming at the situation of inaccurate detection and recognition of traffic signs in
heavy snow weather, incorrect detection and missed detection, etc., this article proposes a
superior and lightweight MSGC-YOLOv8 network model. Introducing the newly designed
MSGC module based on the group convolution idea, which slightly improves the accuracy
while reducing the number of model parameters and model size, adds a small target
detection layer to strengthen the feature extraction of small targets for the problem of
difficult recognition of traffic signs for small targets in the distance; the ability to improve
the detection accuracy of small targets; uses EfficientSlide loss based on the idea of sliding
average to improve the problem of uneven number of difficult sample categories in the
deep learning process. Adding an improved Deformable Attention mechanism enables
the model to focus more on key areas in the image by adaptively adjusting the attention
weight. Compared with the original network model, the MSGC-YOLOv8n network model
has improved by 17.7% and 18.1% in mAP@0.5 and mAP@0.95, respectively; at the same
time, compared with today’s popular models, it has fewer parameters, faster FPS, and
higher precision.

In the future, we will continue to improve the network model based on the model in
this article, make the model lightweight, study traffic sign detection adapted to various
environments, and transplant the model to embedded devices for verification to improve
its practical application value.
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