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Automatic detection of pavement defect based on improved YOLOVS5 algorithm

YU Lu', DAI Tianjie’, YU Lihua'
(1. School of Science and Technology, Fujian Open University, Fuzhou 350003 China;
Ltd. Fuzhou 350001, China)

2. Fujian Environmental Protection Design Institute Co.

Abstract; The current pavement defect detection methods suffer from low recognition accuracy, high missing-
detection rate, and high false-detection rate. Thus, an improved high-precision recognition model for pavement
defect detection (improved pavement detection-YOLOvS, IPD-YOLOvS5) was proposed. An ASPP module con-
sisting of various void convolutions was added to the backbone feature extraction network of YOLOvS5 algorithm.
In addition, the SE-Net attention mechanism was introduced to enhance the ability of algorithm to extract dif-
ferent scale features from crack images and achieve effective fusion of multi-scale feature maps. Results show
that the proposed algorithm has the highest detection accuracy for pavement crack defect detection, with an av-

erage accuracy improvement of 7.47% and a missing-detection rate reduction of 10.29% compared to the unim-

proved YOLOvS algorithm.

Keywords: target detection; improved YOLOvVS; pavement cracks; automatic recognition
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B4 YOLOVS B3 7 K6 I T8 B 57 BN 5 5 77
FEM 25 208 H S50t Z2 9 1m0, X1 50 1 3 i
5 BRSO T 2K I 25
FEAS s SEBR TREAG TN v T2 IR A 52, iR
BN ENZ BT i 25 5 52 i S s S R RS B, O HL
/N BRI REAAAE—E AN A, 23 BT, A
ME,

1.2 Eikpus
1.2.1 (R ARAE 4R BN 45

i T B ARR AT 55 RO R AR B R/ NFTE AR
ANIA), 5 EEAEAN [ RO A AR A [ AT A, B
SR YOLOVS 1Y F= THFIE R 2% CSP-Net R Z 2
RBEFFERG 197 2 (B2 AT SR A AR RS2 B AN
RG] @, 5] A ASPP (atrous spatial pyramid

pooling) (5] FEHLAT AL YOLOvS Bk it £ T4
AESEI 2% 7R H ARG DAL ) Jsz B HoR 3
NP 2 iR

ASPP FH e —Fh 28 L 14 22 RUBERRAIE 42 M)
ZRGERE AT LAH A [ 2 ik 38 1 2 3 A AR Ok
RS2 B 8 1 AN R DR/ A A AR AR R A 4
AR REER MG R . ZMERH] T2 &M
ST MAL SRR, W] LSS 4 A TR AR BT 25 1]
TR PR AR IE R IR T PR R
1.2.2 EE A WA

SE ¥ 2% ( squeeze-and-excitation network , SE-
Net) " A b J& —F FHF B o0 20 6 Bldh &
P 265, 32 B i 2 > R B T 2 ] P R 3R, X
SR RFAE -1 201t A B 25 SR A AR B 23 %)



334 R TR B4l #5211

RETIHI YA L, SE-Net (R0 AR 2%, SE-Net 0] DLTEAIE N 28 R 24 FE R 00 F
A o X AR M T AT R N A s R 2 Blag AR AR IR R S BURIE A BE ) i A R T
XFFEEAFEROCTERE , IWRASEERMEM ik YOLOVS Bdh A5 niE 3 s,

[T 17 ] BTk, 3%3
A B0 Cpkks )
- R 6
= 5 i
B 3X3 p r
A 000 = . Z REERFIER ﬁﬁEEﬂ
N )
S 1X 1358 &
< ; >

HBEW: 3X3
EHKZ: 18

BRI 3X3
H O g Wik 24
01

B2 ASPP#ERTIETEE
Fig.2 Schematic diagram of ASPP module

0 O O

LTUN RFAIE P

w’ w C

c’ C
W.Qﬁ Wt é%m
wt” [TTTTT =

I1X1XC IX1XC

Bl 3 SE-Net i¥EA#HI#EHR

Fig.3 SE-Net attention mechanism module

123 HHPAER 1.3 iEHriERR
H B i 8 2k RS [R) 2000 B A AS B i AN ] AT XA H b AR Ik i e AT AR T

I R AR TR X /D B0 ) B 43 AR T RE AN A B RHEER(R) EUER(P) LG
Focal loss'” & —Fhef i 2 ARG RS g fide gl B (AP) AR 251 B0 B (6 (mAP ) 1 3T
B, F S SR R Bk s A g DT RR DRI RARIASTOY

KR T2 5 43 S B RE A HO B 571 ) B | BT $22 R=—1¥ (2)

AT SY A RE A S e L AT R P05 e TPT;FN

OB YOLOVS B rinf545 1 — (158 SR ¢ 1R P (3)

B, BRI (1) | [P "
FI(p,)= —a(1=p,) "log(p,) (1) 0

A p, TR TREAS I IR, o FORHF 2 AP,

N e ERE TS e S R mAP =— (5)

AR BB P, TP 3R B bR & BB A 1 i s FN 3%



55 4 3]

Wiy , A5 FE TG YOLOVS F3H B 3 8 re kil 335

71> FUBRIA 5 B RS D00 A JFC A 7 1) i s PP 3R
7 A A I S F o T AR

2 SKWERKSH

2.1 KB SHIEE

SLEGAE Windows 11 #/ER S LilkfT,CPU
i9-13900K ,GPU y NVIDIA RTX 2080Ti &, %
FEIE T K H Python 3.7, LA Pytorch AHEZEFE PyC-
harm 47 &, A ) 4% T00) 4 B S 80
1 i,
22 IWHEESEGIEREAE

SEgRR F ) B AR B e 42 ok A SEbRT T
TR B MGG, A5 7 7 FhAS [ 28 5 1) 3 % Bl
Fa, 3 8 132 i Jir s ik A PRI 3 2Bk g S A
i W50 R EE PUREE Y 4 BRI bTE %
BN LE R B R [n) S AR R ) 24 4E, X SEIE
A o 2% 5 W 25 B AR 06 RN AT 42 4 WP EATTIEA T
H A IR R A 2

FIRBEAREMSE, NI 2R E KA
BEA R 2k HERG FNTZ AL RE 1 5m OAR RS | AR
%R FH UGS SR B A b i 05 5 A8 48 7 18 m g i
FEAS BRI, o3 )38 2k K- B AR B0 % | e % 180°,

0.20
0.15 |
o
#0.10
S

0.05

0.00

0 50 100
PZRIK K
(a) PIZRAR 2L

150 200 250 300

PG4 T80 5 e S BOR 5 vE 7 19 15 21 48 792 I
E3NE 8
*1 EREERGBSEILE
Tab.1 Hyperparameter setting of model

B2 E A B E
i N JER RSP 640x640
il W AN 16
ST 0.01
ek NS Cos
AL Sgd
Bl R R 0.937
R3S 0.000 5
YRR EL 300

2.3 REENFR

AT BB Ty iR AL B S ARAS 48 792 BEGE
PEBERUGAEA N BEHLIE RS 80% (39 034 fiF)
VeI 2555, 10% (4 879 &) VE 9 56 3iF 4, 10%
(4 879 M) FEAMALE  He IR R 1 ISHO B A
FNEE AR TR, Bk & 4 FR

4 Rk & E

Fig.4 Loss function curve

WS 4 145 5% i 2 B, B RUII 25 1% YR B
B2 I S A g UE 2R E BN, G HAE | 100
epoch I L5 451 fh 2T R A R i P, il 4k
WK, e AR S o] B K IR (R B A
SRR, SR 255 300 4 epoch Y,
P 2 2 KPR ISHUR AR 25
E L A TPD-YOLOVS #5581 75 I 5 5 56 U0E [

0.20 ¢
0.15
Eo
4 0.10
=S
0.05 |
0.00 : : : : : )
0 50 100 150 200 250 300
VIER€:d
(b) SUER 2k
Bemleskae St .

XTI ZR5e 5 1) B b e 0 A58 78 gy A 5K 4 £
e, 38 i R RE A S 08 B S AR, X SSDT |
Fast RCNN' 'YOLOv3'"*' [ YOLOvS 3£ 4 b33k
FIHEAT U0 S5, 56 0F 5 005K, 8 BT A 45 R 5 1PD-
YOLOvS A58 (1) i 235 5 ik A7 % L 5 404, I
BT EE (AR 0.5, AN BAF BEART 0.5 AT



336 el TR

#2185

HE, FEAILPEIE 2 7K T8 B 2R A8 i T 10 PR A7 A
5P, e 5 B,

(a) SSD

(b) Fsat RCNN

(¢) YOLOv3

(d) YOLOvS

(e) IPD-YOLOV5

Bs5 JREZXHRMERIE

Fig.5 Comparison of detection results of

various algorithms
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Tab.2 Indices comparison of various algorithms
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Tab.3 Precision comparison of algorithms in

practical pavement detection
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Fig.6 Comparison of pavement defect detection in practical engineering
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