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The pavement defect detection algorithm of YOLOv8 was improved

Zhang Yuan Jia Zihan He Yang
(School of Electrical Engineering, North China University of Science and Technology, Tangshan 063200, China)

Zhou Jianxin

Abstract: In order to reduce the influence of background interference on pavement defect detection and solve the
problem that the features that can be extracted from small-sized slender cracks are very limited, this paper is
improved based on the YOLOv8 model. Firstly. the C2f-Dysnake module was designed by fusing the C2f in the
network with dynamic serpentine convolution, which improved the sensitivity to the shape and boundary of the
target and enhanced the feature extraction ability of the slender cracks. Secondly. the reparameterized generalization
feature pyramid network RepGFPN and the dynamic upsampler DySample were combined to form a new neck
network RDFPN, which increased the attention to the low-level feature map and improved the detection ability of
small targets. Finally, the MPCA attention mechanism is added to the backbone network to capture the position
relationship at different scales and improve the feature extraction ability of the backbone network. Experimental
results show that the improved algorithm improves mAP50 by 2. 3% and reaches 98 fps on the RDD2022 dataset,
and the detection speed reaches 98 fps, which has obvious advantages over other algorithms and verifies the
effectiveness and superiority of the proposed method.
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Improved YOLOv8 network

EA% TR W A TR 01 R 8 7 16 28 H A BB, AR SCET A —FhiE
ok [ 3 7 b SRR T A R RN S il A R S 45 A R A A R A
R GE AL 10 3 25 i I %5 AR Dysnake Convt' 5 C2f 45 &

“HH o

ERIBT R 1S L E N A0 DR B S A S5 AT

AR 3 R X %\%Q%E’Jh{W'FVﬂ%T% R T AR A I M JER N 56 BEAFAE . Dysnake Conv HY 45 1"311[][5] 3R,
Convolution Offset =
— — — > Cl
| [AlB]C ICDI alpi| [m]
Leaming |, g F—»0 y&JD2 E P2 —> C: Pl
deformation | ! = 1 | i
e G|H[I| -1“.yD3| |B3 ‘
/ Offset E
A
B _
] Jel [ Je| [al = oum
=0 |
5 3 Dysnake Conv 2514 &
Fig. 3 Structure diagram of Dysnake Conv
1 0 1 A5 TR AR 38 5 7 A 33U R0 DU | ) AR ) 540 e 285 3 Dysnake Bottleneck, i3 5] T~ C2f-Dysnake £

Tk AR AE AR BT H AR AR AR AL 5 R 0 0L F W RE AR AE —
FE 14 JR R S i Bl A e T A AR B A8 53 I A B A Y T
AR TE B A B A A N b R R A B TR AR R RN T
AR b A AR H BR BYRRAE L DT B8 46 b 3 7 B A 0 e e TR AR .

¥4 Dysnake Conv 5 C2f B4 fl & . H b Bottleneck
T 1) 36 B B 30l Dysnake Conv R 44 5 T 3 AR

o 148 -

R T 2% ) BB — A Cof B, 5 AR A AU AR
I, C2[-Dysnake Pl 38 T HEBU XS B A7 % R F0 72 57 19 il
TR L B T TR I T R R A RS R B, ELG R R B 2
%Zl—‘(ﬁﬂ;“ﬁ 3G T A AN (6] RUEE R R R A B
P SRR AE 7 o DT % 3 T U A A AR R R R . C2f-
Dysnake fHUNE 4 s,



Bl EE# 5%t YOLOVS &9 3% @ 2 fg 4l i ik %19
Dysnake
Bottleneck
C2f-Dysnake
Dysnake
Conv
n
Dysnake
J ST T Conv
. ysnake ysnake
e \ e Bottleneck 1 Bottleneck O e
T Concat
& 4  C2f-Dysnake % 4 &
Fig. 4 Structure diagram of C2F-Dysnake
N

2.2 RDFPN Fi&B M &

YOLOvS i3 32 %2 %F $2 B 2] ()RR AE AT A& . 78
JRZEFIRY T FR1E 4 53 (feature pyramid network, FPN)
L Z REERHERLA BTER & N ET P IR AR 4 F1
FARRATE DA T 84 58 4 10 AR9 A0F 119 3% 38 B8 7, 4 TR 80 4 i
ARRIE AR 20t 2 W) LR R AR IR & & 038 4 1 JR R 4
TEAE B H 9 2% XK JZ B 10E 0 56 T B 351 25 2 2 —
AT A B, B ARG /N AR 0 R DUOKG B, BT LAAS SC 25 G
ST AR & B R 4% (RepGFPND M L) K 48 1% 1 2%
BB A E RS (DySample) ™™ ¥ 5 T 85t B 5535 M 2%
ZEH) (RDFPN) , 3410 7 6 10 Xof 1% J2 45 4F 18] A9 56 1 B L 48 71
T X/ B bR B KT B8 7. RepGFPN W 2% 45 14 Fi
DySample "B TH IR 5.6 TR .

——————————————————————————————————————————————————————

RepGFPN

CSPStage

|
\

CSPStage

CSPStage

CSPStage —»Q—»

P ettt

\
|
|
|
|
|
|
|
1
|
|
|
|
]
:

CSPStage i
[ |
|

]

|

" = |
|

|

|

|

|

|

|

|

’

Kl 5 RepGFPN Z544 &
Fig.5 Structure diagram of RepGFPN

¢ ICLR2022 9 TAE ' GiraffeDet $2 H T —Fl o 81 14
Light-Backbone Heavy-Neck 25,45 A SCRER 25 ) 2%

==Y

(generalized feature pyramid network, GFPNOM, T e
FE O3 34 i G AR BN 25 (8] 5 5. . RepGFPN [ 4%
JETE GFPN [ %% f 3k filh b 2 ok /9. A% T GFPN,
RepGFPN T fill £ 1k i i SEAT 1 AN [) )RR H5AE A1 A [a] #9
I NI TE R B PO 5 i Y TR R 4 R
TEFRJZ R 1 R K B8 7, T2 52 I B A 4G U0 o 25090 I 2%
M.

B RepGFPN [0 45 7E 4% A 84 X {I% 2 AR 18] 149 OC 1 3
V4 ) i, 2707 S — SE AR AT (1 2 B Fs B L I DAAS S8

Static Scope Factor

sH i
swo ¢

H pixel
6 —>1+—> ¢

X 14 =—> 025
linear

5 shuffle sy
2gs?
woE w28

LS J

s 3
Dynamic Scope Factor

H
S g1050
linear wo2gs’ 1 H

H T w28 w2

linear

W 2gs?
. J

Kl 6 DySample H1 a8 B % i1
Fig. 6 Module design in DySample

BRI Y = W B & F R AR DySample #5 8t 3% in
RepGFPN £ # ’ 2% b 14 Aif B 4~ CSPStage ML 2 J5 i 15
% X 2% B TR A B T 460 A 00 B R AN S N B 22 0 B
[F] B A A5 T T AR A ARG B
2.3 MPCA EENHLH

A T T f5le G AR A 5 90 S0 T S PR B RR AE 22 1) A7 7E AR
BIPE, HOIR R4S 45 5 2%, O T 4t oo A5 28 XoF Bl 3 4R A 119 131
EEREURE T 7E LAl 0 4% 2R A 1Y B T R o N U 2 D AL A
S G O Ty vk R LR — i RT3 O B
=Wk IRy IR eh = 1 Wi D e S g i /T
Y38 18 7 2 J1 AL A SE (squeeze-and-excitation) , CBAM
(convolutional block attention module) .CA Z5E# A — A
J&, SE %y 38 38 (8] 09 AH BLAE T, 20K BE 52 4 % R 2 Rl
BEELNMME, XTERRAL S PAEMLEZEXEZEN;
CBAM izt [&] 38 i 4 Jm) il Ak T B A6 3 E 2 il A L85
{ELIX il SR s 2 2 SR AR TR AR A B R B T T AR IO S
FIR A MR B CA BARMRE T EF L BESSB0Y
B3 —FR A YRR IE AR B A A R, I 2 JE Y
WEBENNERARA, ZEE T EENFEERS R
2% o DATT 52 W] 0 435 23

FEXT BRI, X B A T —Fh 2 IR R A 1Y LR

* 149 -



IRV W a

T # K

TEEHLEH MPCAL B REAR 4F 19 25 18 22 R 1 45 5L . fiE
B AR AR AN [o) RUBE A 67 185G AR 3k 7 JHG A o A3 B e o

T AT E % B 4 b R S O R B AR AR L U 0 A o T
MPCA fHE5H a1 7 Fr s .

Attention-C
Conv
Cx1x1 Output
G Avg?/ Feature MapS\\
CxHxW Mul Mul
Attention-H + Mean
Input 11t
—
¥ Avg pool i ; \ Feature Map4
| <H<T eature ap’T Conv Mul
. \ Conv
Attention-W — 11t
X g pod / Feature Map3
Feature Map1
1<1W
7 MPCA %5y &

Fig. 7 MPCA structure diagram

MPCA 78 3 AL RS2 3 1 56 70 301 6 i AR AIE
VI F) 1o J3E A0 538 2 7 1) BEAT 1 20 A o 30 A A 23 1) 7 1) 3R
REAE L 45 2 P AN J7 1) S8 B9 R i L DR AT I A — A A e T
i) FR B0 07 B A5 8 SR AT By T (R0 2% T o i s 37 S %
(4 FUAR 138 X RRAIE 1 04T 42 JRy - #4934l L AR A% — > B Ay
4 Jay JER 2 B )RR AIE P SR T LA g A R IR ] B e E A B
HRJa O T By AT SR O B R AR AR B AN R S B
7 T SR B R AR P AT A LR A A B R A5 R . R LT
B FE o 45 9 R R Ji X i T ke e A ) PR R 2 D7 AT
R4 82Tt

3 LHEER

3.1 LERBEHIEE
AL ETNEE 1 iR,

®1 XWHE
Table 1 Experimental environment
fic ZH
BERS Windows10
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MFE 3 AT LA WL B MPCA 2 I BLE e Es
SE #Ht | CPCA ik, SimAM ik mAP50 |2 % &
0.5%.0. 3% 0. 8% , BIL H I CBAM FHA EMA #
PAER MRS B2 mAP50 J7 i AH [\, B /£ mAP50-95 |- %43
B F CBAM F1 EMA 0.6% Al 0.3%, HE# T MPCA
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Table 3 Experimental comparison of different

attention mechanisms

mAP50/ mAP50-95/ Params/

7 y y Lo GFLOPs

B2k 59.1 29. 6 3.0 8.2
+SE 59.8 30.0 3.0 8.2
+CBAM  60.3 29. 8 3.2 8.3
+EMA 60. 3 30. 1 3.0 8.2
+CPCA 60.0 30. 4 3.1 8.3
+SimAM  59.5 29. 8 3.0 8.1

+MPCA  60.3 30. 4 3.2 8.0

3.4 HBLSSIG

ST IR T 4R Bl T 2R o AR AR A I P A A AR
Fbo A SCEET YOLOv8n M AESE , i IF 9006 T — R F1IH
FSTES . BT R S — 1 S B B IR R g T
AT R T SEE A A R A] bk, SER S E T 24
FERD A0 3% 3% A YOLOv8n JLREAL R, L K 43 91 v
A IF B 3 s B YOLOv8n-D G 4 45 9 45 18] % 5 — A
C2f By C2{-Dysnake ) , YOLOvSn-R CK 515 45 14
Ak 45 4 RepGFPN 5 DySample ) RDFPN %5 #4) .
YOLOv8n-M(ZEB T ® 4% SPPF i J5 gt A MPCA ¥ 5
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(R SCHGHFR YD, RPARAM T YOLOvSn, 3256 45 R 40
x4 PR,
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Table 4 Results of ablation experiment

5 7Y C2{-Dysnake GDFPN MPCA mAP50/ % Params/10° GFLOPs FPS
ek 59. 1 3.0 8.2 103
D N 59.8 3.2 8.2 123
R J 60. 9 3.2 8.3 154
M N 60. 3 3.3 8.0 188
DR N; N 60. 7 3.5 8.4 104
DM N J 60. 2 3.5 8.2 118
RM J J 61.3 3.5 8.3 140
DRM N N N 61. 4 3.8 8.4 98
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A C2{-Dysnake 185 Fl ik 1) 350358 9 45 L & R i 5] A C21-
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s [T 5 LA ik B S5 199 45 A1 MPCA T 5 ) LA ASE B A
KRS BE = T 2. 2% s e B b 3 Ak &3R5I A
JE ) 2% 45 3] (14 46 T 5 SR 1, mAPS0 F8 AR SE I T 2. 3% 1
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Table 5 Comparative testing of different models
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Table 6 Comparison of algorithms of different datasets

TR AY mAP50/ % mAP50-95/ %
YOLOv3tiny 49.7 21.6
YOLOv5s 52.3 24.1
YOLOv6n-ReLU 57.6 25. 6
YOLOv8n 57.8 26. 4
YOLOv8 DRM 61.5 28. 4
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Fig. 8 Comparison of detection effects
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