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Abstract: Different road obstacles may have diverse appearance, size, quantity, and location characteristics, and they are often
accompanied by occlusion and overlapping phenomena. These factors result in the current object detection algorithms
performing poorly in terms of detection accuracy and robustness when dealing with multiple objects and small objects with
indistinct features. To address this issue, a lightweight road obstacle detection algorithm based on the improved YOLOVS8n is
proposed. Firstly, the MFObstacle road obstacle object detection dataset is created, which expands the types and quantities of
obstacles for detection. Secondly, in the Neck part of the network, the GLSA (Global-to-Local Spatial Aggregation) module is
added to enhance the multi-scale spatial aggregation mechanism of the network and improve the model's sensitivity and
recognition ability for objects of different scales. Then, the BiFPN (Bidirectional Feature Pyramid Network) is integrated. BiIFPN
can dynamically adjust the weights according to the input data, making the network structure simpler and the computational
efficiency higher. Finally, MPDIoU is used. MPDIoU takes into account the overlapping or non-overlapping regions, the distance
between the center points, as well as the deviations in width and height, and simplifies the calculation process. Compared with
the original YOLOvV8n algorithm, the mAP0.5 index of this algorithm is increased by 2.2% to reach 85.7%; the number of
network parameters is reduced by 30.4% to 4.6MB; and the computational complexity is reduced by 6% to 7.6GFLOPs. This
algorithm improves the detection accuracy while reducing the number of parameters and computational complexity, and can be
better applied to the task of multi-object road obstacle detection.
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original YOLOV3 could not fully recognize the scale features
of objects and had inaccurate object localization, and the mAP

1. Introduction

In the past few years, along with the swift advancement of Vallue fo.r detecting  pedestrians  reached 90-.42% [6].
artificial intelligence technology, the automotive sector is Shivayogi et al. deployed the YOLQV4 model.archnecture on
accelerating the pace of its intelligent transformation [1]. Fhe NVIDIAJetson Nano to recognize traffic signs on the road
However, achieving autonomous driving still faces many in real time. The accuracy was between 54.68% and 76.55%,
technical challenges, among which environmental perception and the speed could r‘each 32~5FPS_ (frames per second').
is crucial for ensuring driving safety and enhancing the However, for small-sized ‘trafﬁc signs, there were still
driving experience [2]. The complexity of the road problems of missed detection and false detection [7]. To
environment and the uncertainties brought about by natural implement vehicle monitoring and detection in videos on
factors make accurate and rapid detection of road obstacles a video surveillance devices, Wang and his colleagues
key factor for autonomous driving systems to make correct substituted the backbone feature extraction network of
decisions and ensure safe driving. At present, object detection .YOLOVS with MpbileNetVz. This approach addressc?d the
algorithms are predominantly categorized into two types. The issue of the relatively large number of parameters in the

first type is two - stage detection algorithms, with Fast RCNN original YOLOV5 network and decreased .the size of the
[3] and Faster R - CNN [4] being their typical representatives. network model to 0.9MB [8]. Confronted with the challenge

These algorithms boast high detection precision; however, that current pavement defect detection algorithms are unable
they operate at a relatively slow speed, rendering them to achieve a simultaneous balance between detection speed
inappropriate for obstacle recognition tasks that demand real and accuracy, Huang et al. made enhancements to the network
- time detection. The second type consists of one - stage architecture of the YOLOvV7 algorithm, successfully solving
detection algorithms, of which YOLO and SSD are the most the problems of slow speed and high computational load of
well - known examples. These algorithms do not need to the original YOLOv7 model, achieving an FPS of 80 frames
generate candidate regions and can output results in one step, per second and an mAP of 91% [9].

so they perform well in terms of speed and also have quite In summary, the YOLO series, including the latest
high detection accuracy. Huu et al. used a pre-trained YOLO YOLQV& 18 wildely.used in road image processing. But .when
model to identify road obstacles, and the mean average detecting WUItl - object road 0b5t301653 YOLOv8[10] ?tlﬂ has
precision (mAP) of obstacle detection reached 74.1%, but the Fhe same issues as other YOLO glgorlthms. Thus, this study
number of detectable road obstacle categories was relatively improves YOLOV8 for real - time and accurate obstacle
small[5]. In order to enable intelligent vehicles to accurately detection in driving environments.

detect pedestrians in complex scenarios, Cao et al. made
many improvements to the YOLOv3 network, including
adjusting the network cell size and adopting the k-means
clustering algorithm, etc. They solved the problems that the
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2. Establishment of the Multi-object
Road Obstacle Detection Network

2.1. Principle of the YOLOVS Algorithm

In 2023, Ultralytics released the YOLOv8 model with
n/s/m/l/x versions for different scenarios. Its structure
comprises Input, Backbone, Neck, and Head (Fig. 1). At the
input, Mosaic augmentation and other techniques boost
robustness. The C2f[11] in the backbone enables rich feature
learning but has high complexity. The PAN - structured neck
fuses features via sampling and stitching, while the head
decouples classification and detection, enhancing bounding
box prediction accuracy
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Figure 1. Structure of Fog-Mod-YOLOvV8n
2.2. Multi-object Road Obstacle Detection
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Figure 2. The Network Structure Diagram of the Improved
YOLOv8n
2.3. Lightweight Design of the Backbone

Network

The YOLOvV8 network utilizes the concept of multi-scale
feature fusion, which is advantageous for making more
thorough use of features at various scales. Nevertheless,

GLSA: Global-to-Local Spatial Aggregation Module
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because of the increase and combination of the number of
channels, there is a possibility that multiple channels might
carry similar or the same information, thus giving rise to the
problem of feature map redundancy.In order to tackle this
problem and improve the network's detection speed while
ensuring the detection accuracy, the C2f FEMA[12] is
devised. It incorporates the EMA attention mechanism and
substitutes the Bottleneck structure with FasterBlock[13]. By
adopting this method, the weight of the model is reduced, the
computational efficiency is enhanced, and the accuracy is still
maintained.The module made up of C2f FEMA is employed
to replace the C2f module within the backbone network. The
structure of the module consisting of C2f FEMA is illustrated

in Figure 3(b).

(2)The Structure Diagram of the C2f Module
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(b)The Structure Diagram of the C2f_FEMA Module
Figure 3. Improvement of the C2f Module

2.4. Introduction of the GLSA Module

The GLSA [14] network structure adapts to detection tasks
of different scales and complex backgrounds by combining
global and local features. It aggregates global context
information and local detailed features, enhancing the overall
understanding of the target and background while preserving
spatial details. This structure can identify complex spatial
relationships, effectively handle multiple objects and
complex backgrounds, improve the detection ability for
objects of different scales, and enhance the robustness against
small objects and background noise. The introduction of
global information enables GLSA to maintain good
recognition and segmentation capabilities even when the
objects are occluded or overlapping. Compared with the
traditional multi - scale feature pyramid, GLSA pays more
attention to the collaborative processing of global and local
information, so it has more advantages in dealing with
complex backgrounds and multi - object detection tasks.
Figure 4 shows the network structure diagram of GLSA.
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Figure 4. The Network Structure Diagram of the GLSA
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2.5. Integration of the BiFPN (Bidirectional
Feature Pyramid Network) Feature
Pyramid Network

The YOLOVS8 network architecture employs the FPN+PAN
[15] (Feature Pyramid Network) framework. In FPN, the
feature information is transmitted in a top - down manner with
lateral connections [16]. The bottom - layer input of PAN is
entirely reliant on the feature information that has been
processed by FPN. This over - dependence may cause a partial
loss of the original feature information acquired from the
backbone network, thereby having an impact on the detection
accuracy.

Building upon the FPN structure, BiFPN removes the
nodes that have only a single input edge. It utilizes
bidirectional cross-scale connections and weighted feature
fusion techniques. By doing so, it reinforces the contribution
of each node in the process of fusing diverse features to the
overall feature network, thereby attaining a more optimal
equilibrium between accuracy and efficiency, as depicted in
Figure 5. With regard to the multi-object road obstacle
detection task in this research, this paper incorporates the
weighted bidirectional feature pyramid BiFPN[17]
architecture. The YOLOvVS8 network that is integrated with
BiFPN enables better connectivity among the various levels
of the feature pyramid. This enhanced connectivity is
conducive to providing more comprehensive global and more
crucial feature information, and it also boosts the detection
capability for obstacles of different scales.
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Figure 5. The Structure Diagram of the BiFPN
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2.6. Improvement of the Loss Function

The loss function applied in YOLOv8 is CloU [18].
Through experimental investigations, it has been discovered
that the CIoU loss function exhibits the same value under
varying prediction situations. In the course of road obstacle
detection, this situation leads to a decrease in both the
convergence speed and the accuracy of the model.
Consequently, in this paper, the MPDIoU[19] loss function is
employed to substitute the CloU loss function for the purpose
of optimizing the network. The calculation formulas of the
MPDIoU loss function are presented as equations (1)-(3):

2

di d3
MPDIoU =1 —IoU + 5= +

; . h2+w? dh2+w2t M
re re

df = (" =)+ 07 =9 @)
d% — (xérred _ xiqt)z + (yzpred _ yzgt)z (3)
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3. Design Implementation and Result
Analysis

3.1. Datasets and Experimental Environmen

To address the scarcity of obstacle samples in existing road
obstacle datasets, this paper gathers image data from the
Internet, annotates it with Labelimg, and processes it. The
dataset is expanded to 6,246 images, split into training, testing,
and validation sets at a 7:2:1 ratio, and named MFObstacle.

The classifications of the obstacles and the quantity of
images following data augmentation are presented in Table 1:

Table 1. Categories and Quantities of Obstacles

Categories of

ID Obgstacles Number
0 rockfall 950 pictures
1 person 1255 pictures
2 car 1320 pictures
3 traffic cone 1155 pictures
4 pothole 1566 pictures

total 6246 pictures

Each experiment mentioned in this paper was performed in
the host environment that is depicted in Table 2:

Table 2. Experimental Training Environment

Project Type
GPU NVIDIA GeForce RTX 3090 * 1
CPU 14 Xeon(R) Gold 6330

miniconda: cudal2.2-
cudnn8+Pytorch2.2.2

ubuntu22.04

Algorithm Framework

Operating System

3.2. Comparative Experiments on the
Detection Performance of Different
Networks

In order to verify the superiority of the algorithm in this
paper for multi-objective road obstacle detection, and at the
same time verify that the self-made MFObstacle dataset in
this paper has good generalization performance [20], under
the same experimental environment, the improved algorithm
proposed in this paper is compared with the current
mainstream object detection algorithms. The comparison
involves algorithmic networks such as Faster-RCNN, SSD
[21], YOLOVS, and YOLOV6[22] for the detection task. The
experimental outcomes are presented in Table 3.

1)When the number of parameters and the computational
complexity of the YOLOvS model are lower than those of
other compared networks, its P and mAP are superior to those
of the Faster R-CNN, YOLOv6, YOLOvV7-tiny, and SSD
networks.

2) The improved model introduced in this paper has
significant and decisive superiority over YOLOVS in several
crucial dimensions, including Precision (P), Recall (R), Mean
Average Precision (mAP), and Frames Per Second (FPS). In
detail, the P value of the improved model is 0.9 percentage
points higher than that of YOLOVS, the R value is increased
by 3.7 percentage points, the mAP value rises by 1.9
percentage points, and the FPS is enhanced by 2.52 frames
per second. Furthermore, this improved model outperforms
two - stage detection models like Faster R - CNN and SSD



across all relevant performance indicators.

It is evident that the algorithm presented in this paper

exhibits a higher level of detection accuracy and speed.

Moreover, its overall performance outshines that of the
current mainstream detection algorithms.

Table 3. Comparison of Detection Performance of Different Networks

Base model P% R/% AP@0.5/% Params/106 GFLOPs/G FPS
Faster R-CNN 80.1 79.2 80.2 28.09 69.1 32.1
SSD 80.6 81.3 81.6 12.33 23.3 45,56
YOLOvV5 83.7 80.2 83.8 2.3 7.2 94.33
YOLOvV6 82.9 79.3 82.5 4.22 11.9 85.65
YOLOvV7-tiny 81.4 80.5 82.3 7.24 10.8 82.42
YOLOv8n 82.3 81.8 83.5 3.06 8.1 95.37
Ours 84.6 83.9 85.7 2.13 7.6 96.85

3.3. Comparative Ablation Experiments

To further verify how well each of the enhanced methods
proposed in this paper works, ablation experiments were
performed on the relevant modules. The experimental results
are shown in Table 4.

It can be known from the results of the ablation
experiments in Table 4:

Upgrading C2f to C2f FEMA in the backbone boosts
model R by 0.2% and FPS by 2.96 frames/s, reducing
parameters by 34.3%. Adding GLSA improves P by 2.2% and
mAP by 1%. Integrating BiFPN raises P and mAP by 0.5%
and 0.2%, respectively, while replacing MPDIoU increases R

and mAP by 0.4% and 0.1%.Comparing Experiment (1) and
®, replacing the backbone with C2f FEMA and adding
GLSA enhances P by 1.6%, mAP by 1.2%, and FPS by 1.24
frames/s.In Experiment (7, integrating BiFPN increases
computation but, compared to Experiment © , cuts
parameters by 16% while improving P, R, and
mAP.Experiment , combining all four improvements,
outperforms the base model with gains of 2.3% in P, 2.1% in
R, 2.2% in mAP50, and 1.48 frames/s in FPS, and a 30.4%
parameter reduction. Analyzing Table 4's ablation results
validates the effectiveness of each proposed module.

Table 4. Results of the Ablation Experiments

1D C2f FEMA | GLSA BiFPN MPDIloU P/% R/% AP@0.5/% Params/106 GFLOPs/G FPS
1 / / / / 82.3 | 818 83.5 3.06 8.1 95.37
2 N / / / 825 | 82.3 83.1 2.01 7.2 98.33
3 / \ / / 845 | 82.6 84.5 3.22 7.9 95.31
4 / / \ / 82.8 | 82.6 83.7 2.78 7.5 92.46
5 / / / \ 82.4 | 82.2 83.6 3.06 8.1 96.53
6 \ \ / / 83.9 | 835 84.7 2.55 7.4 97.61
7 \ \ \ / 84.1 | 83.6 85.4 2.13 7.6 97.01
8 \ \ \ v 84.6 | 83.9 85.7 2.13 7.6 96.85

. . . algorithm  significantl boosts  obstacle  detection

3.4. Algorithm Verification clfssiﬁcation icuracyyand excels in multi - object

In order to vividly display the detection performance of the
proposed network, this research makes a comparison between
the obstacle detection results of YOLOv8n and the improved
network, which is demonstrated in Figure 6.

The first - row image comparison reveals that the improved

recognition. The second - row results show that the improved
algorithm can detect distant obstacles missed by YOLOv8n,
demonstrating its ability to address misidentification of small,
far - away obstacles and enhance confidence levels.

(a)labels

(b) YOLOVS8N

Figure 6. Comparison of Detection Results before and after Improvement

(c) ours



4. Conclusion

In this paper, an enhanced YOLOVS obstacle object
detection method is put forward. The C2f FEMA improved
backbone network has been developed with the aim of
accelerating the model's detection speed. By incorporating the
GLSA spatial fusion module and integrating BiFPN, the
network's performance in extracting obstacle features is
elevated. Besides, MPDIoU is adopted as the loss function to
fine - tune the network's bounding box regression capability.
The experimental results of the improved model on the self -
created MFObstacle dataset indicate that, in contrast to the
initial YOLOVS, the method presented in this paper leads to
an increase in the accuracy, mean average precision, recall
rate, and FPS indices by 2.3 percentage points, 2.1 percentage
points, 2.2 percentage points, and 1.48 frames per second
respectively. Simultaneously, it also reduces the quantity of
model parameters. The proposed method can well handle the
obstacle object detection task in the multi-objective road
scene. In the future, considering that occluded obstacle
objects are likely to appear in complex road scenes, resulting
in pixel overlap problems, further improvements will be made
to address such issues in subsequent research
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