Computer Science and Application HE 1Rl 58, 2024, 14(12), 29-35 Hans X
Published Online December 2024 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.1412237

ETREF INTAZRSFERYUREN
"R

RAR%&, AFH, 2xF, ReMH, RRE
TR LR A BN ST TR, #T T3

Woks H . 20244F10H30H; FHEM: 20244F11H27H: KA HE: 20244F12 A5H

HE

ERABMERENER RS, X EABRRE, #TTENERNAEE. A RN,
B, BTFREFEIMNEHBEGRAEEEAERIEERNEROBNERE. FHik, AXBEREET
YOLOVS &g FEYUR I 7% . BARRYL, BAEFERZER ERET10005kEE, BidMEHER
51 EE3RB T 15007k & f . i YOLOVSSIERI X 3R ISR S 3ATI 55, MRS, XA MR ELRAT THRL,
W INSEVER IHLHIFIBIFPNAHER A HLE], UISRBEFRRBEAZ M. Bl ERNA, e REE
FEBAE B FH81.1%3% 1 2)95.0%; mAP0.5F89.1%# 5 2]92.2%; mAP0.5:0.95F48.2%3% 5 2/49.5%:;
N EA S FRRRRT, TSR RIESR. Eik, ASCIRE T R seit kA AR HE BT
AR vE, ATMNATEABMRERERE.

KA

WE¥S, YOLOVS, EEAHE, FHERLEHLE

Road Pothole Detection for Autonomous
Vehicles Based on Deep Learning

Jiagiang Zhou, Yuhang Hu, Jingqi Shi, Sennan Song®, Liangjun Ruan

College of Mechanical and Automotive Engineering, Ningbo University of Technology, Ningbo Zhejiang

Received: Oct. 30, 2024; accepted: Nov. 27, 2024; published: Dec. 5", 2024

Abstract

Road potholes pose a threat to the driving safety of cars, especially for autonomous vehicles, and
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reliable pothole detection is particularly important. Among all detection methods, image recognition
based on deep learning networks has higher accuracy and faster detection speed. Therefore, this
article aims to provide a high-precision pit detection method based on YOLOvV5. Specifically, 1000
images were collected on urban and rural roads in China, and 1500 images were obtained through
online search engines. Train the obtained dataset using the YOLOv5s model. Optimize the activation
function, add attention mechanism and BiFPN feature fusion mechanism to achieve better accuracy
and generalization. The results show that the accuracy of the optimized model has increased from
81.1% to 95.0%; mAPO.5 increased from 89.1% to 92.2%; mAP0.5:0.95 increased from 48.2% to
49.5%. The detection speed is basically the same as the original model, which can meet the require-
ments of real-time detection. Therefore, this article presents a real-time and high-performance
method for detection, which can be applied to the safety system of autonomous vehicles.
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Figure 1. Pothole shapes in different distance
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Figure 2. The structure of the SE building block
[E 2. SE 1 HRAY LA
4.2. BIFPN $HERE A HLH
P5
P4 —@)

 (O——{—
Figure 3. BiFPN feature network
[ 3. BiFPN M4& 4544

DOI: 10.12677/csa.2024.1412237 32 THENUR S 5 R H


https://doi.org/10.12677/csa.2024.1412237

FZR o 45

FERRE AN F 7> B2 BORFAERT , ARG 520K e TR B B R R R R RS, (HARKRER A
AFEFEAN R, X AR STER AN E, PR3 T — PO R RHE 4 7 55 P 2% (BIFPN) - /]
3R, ZMEEEBONEE N NG INES AL, AR A RHIE A 32 N 2% 22 2115 3

BiFPN Fy i 7 —AN L1 FATE i b OO R IETE o 24 AN R REE 2 1] Ak H Backbone (945 AN[H]
FBZHE B, A R TR 0 ERABERTR SRBEAFAE 7 3 RUBE S I A RV RFAIE 1) B 63 A\ R EE 3 w2 TR
IR ISR, b S 2RI

43. &ER

BRI T SE VER MR BiFPN RFEGLS HLHIFIE4k YOLOVSs B FRIC A YOLOVSs-opt, 4 Ji
& YOLOV5s tric v YOLOVSs-ori, $ATEH 282 RS H06 W MR EAT I 2k, IR AL Fabr
HEATECEE, K 4 Fios.

YOLOvVSs-opt

03 A e i e —
04 l ! i« il A X | /ﬁ \
i Y AA 0.6 , YOLOvVS5s-ori

037 YOLOvSs-ori
02+ f { t 1 04
0.1 - YOLOvV5s-opt - 02
0 0 |
0 20 40 60 80 100 120 140 020 400 6080 100 120 14
mAP0.5: 0.95 %} Lt L 0 Ll
@) (b)
08 | -
| || 08 ‘ ‘
0.6 - YOLOvSs-ori 0.6 7\ NYOLOv5s-opt
04 - [ [ 0.4 I I ‘
' YOLOVSs-opt | - YOLOvVS5s-ori
0.2 | i 02 ‘
0 0
|
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
FEIEES: ESp mAP0.5 HfiZxf Lt
(c) (d)

Figure 4. Comparison of YOLOvV5s-opt and YOLOv5s-ori
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Table 1. Comparison of YOLOv5s-opt and YOLOV5s-ori
%< 1. YOLOv5s-opt 1 YOLOv5s-ori itk

YOLOv5s-ori YOLOv5s-opt
P 81.1% 95.0%
R 90.9% 90.5%
mAPO0.5 89.1% 92.2%
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mAPO0.5:0.95 48.2% 49.5%
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Figure 5. Comparison of detection effect of YOLOv5s-ori and YOLOv5s-opt
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