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in roadbed slopes
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Abstract: An improved YOLOVS8 algorithm is proposed to address the problems of low detection accuracy and
weak generalization ability in existing roadbed slope crack detection algorithms. Firstly, a reparameterization
module is embedded in the backbone network to lighten the model while capturing crack details and global
information, improving detection accuracy of the model. Secondly, the C2f-GD module is designed to achieve
efficient fusion of model features and enhance the generalization ability of the model. Finally, the lightweight
detection head L-GNHead is designed to improve the crack detection accuracy for different scales, while the SloU
loss function is used to accelerate model convergence. The experimental results on the self-constructed roadbed
slope crack dataset show that the improved algorithm improves mAP50 and mAP50-95 by 3.3% and 2.5%
respectively, reduces parameters and computational costs by 46.6% and 44.4% respectively, and improves FPS by
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18 frames/s compared with the original algorithm. The generalization validation results on the dataset RDD2022
show that the improved algorithm not only achieves higher detection accuracy, but also faster detection speed.
Keywords: YOLOVS; slope cracks; reparameterization; C2f-GD; L-GNHead; SloU
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[ESEEib] g

B9 A RELERETH

Fig. 9 Example of slope crack images

3.3 HRLsEEE

R BRI A S 1 25 SRR A 6 B 3 LA A
AR, TR B EEHT T IERLSEE, B
H AR EAR RGBS, TR ISR, T
M I ZE RN 1 FR, Hoh N FoRImA AR,
AR R RAEERE .

fiZe 1 aln, 233 C2f-RVB Bl C2f-GD

BEERHARECRIIE 121 T3 1) R o4 g 1 P 45 ARG
R AR A TR ) SRR AR BT
f) L-GNHead £ 5 fff mAP50 #1 mAP50-95 435Il 42 T
T 1.0% F10.7%, AV SE R AT a5 AIREAR T
0.64 M F1 1.6 GFLOPs, [alH 48 F; 1 AG I i, 484iF
T L-GNHead R REA R 5 X0 AN 7] RUEE Y 245 46 D)
KEEE 5 SloU AR SR AFIE T S 4 AR AN AR 1Y
TEW R mAPS0 $2 T4 T 0.6%. 5 8Y kA6 IDRS B i
AP LA N FPS 2332 BIANRIBEEZE & i 52 M i 72 A2 4k
B Je A WO HRET 2 G ok 11 A5 TR R A A T
f) mAP50 Fl mAP50-95 43 il $2 F+ T 3.3% F1 2.5%,
SRR IR SR T 46.6% T 44.4%, JFH
FPS #7F T 18 f/s, A CBIER T Mo i B /e i 3 i
e ZABERIN R AT RO, B T AL A A B

SRy UL R 7R B A B A B R 30 35 4 e A U v
AR, BEBOR R 3 IS 53 5 #4T C2f-RVB F
L-GNHead [ # Jy EIXTHe, XF EL &5 3R an &) 10 frs .
ATLAFE H A3 305 LA (] AR BB J kit i 30 33 4 1) O
BRSNS, WSS T I R E T
Ft, $83ET C2f-RVB Ml L-GNHead S H 95| A
B ks AR T 370 30 S D M B

3.4 FFEbCIE
3.4.1 REEEXTH

SRy B IE O 9 T B S 3 L A T A
e, G RYE S BAMSENE L SDD ., Faster-RCNN
RT-DETR-L, YOLOvS5n, YOLOv7tiny, YOLOvS8n,
YOLOV9s FIY T 3 Ji 540k 78 F a5 45 L ik f7 Xt 1k
SEH, RN AOXT LSRR A AN 2 FoR,
IRFR I AEYERE

¢ 2 A1, SSD Fil Faster-RCNN 3 () F- ks

A1 OHRERER

Table 1 Results of ablation experiments

Model C2f-RVB  C2f-GD  L-GNHead  SloU mAP50/%  mAP50-95/%  Params/M  GFLOPs FPS
YOLOv8n 85.1 43.2 3.00 8.1 96.6
YOLOv8n_1 J 86.5 44.6 2.64 7.0 86.8
YOLOv8n_2 \ 86.4 44.2 2.63 7.1 93.8
YOLOv8n_3 V 86.1 43.9 2.36 6.5 103.1
YOLOv8n_4 85.7 43.4 3.00 8.1 97.9
YOLOV8Nn_5 \ \ 87.9 46.0 1.95 5.6 99.4
YOLOv8n_6 J 87.2 43.1 2.24 6.1 106.9
YOLOv8n_7 \ \ 87.6 45.3 1.60 45 104.0
YOLOv8n_8 N V 88.4 457 1.60 4.5 114.7
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Fig. 10 Comparison of thermal maps with different modules

(2 stremipg R

Table 2 Comparison of the experimental results

Model mAP50/% mAP50-95/% Params/M GFLOPs FPS
SSD 69.2 34.6 63.82 1245 96.6
Faster-RCNN 70.4 37.8 137.42 371.4 18.7
RT-DETR-L" 81.6 39.8 28.44 100.6 32.8
YOLOV5n 82.4 413 2.50 74 110.1
YOLOvT7tiny 815 395 6.12 12.4 109.8
YOLOV8n 85.1 432 3.00 8.1 96.6
YOLOV9s®? 87.9 446 7.33 26.8 64.7
CHR[34] 88.7 44.9 89.1 15.4 —
SCHR[35] 87.8 455 33.4 — —
Ours 88.4 45.7 1.60 45 114.7

FEANTR, R e p R &G % B v o SRS H ARG
#% RT-DETR-L ) mAP50 N 81.6%, i 3275
AR SECRATTAE T, mAPS0 A% T 88.4%, #H
F RT-DETR-L B¥E$2 T T 6.8%; [FF mAP50-95 42
F+T 5.9%, FPSLA W& MEET. 5 YOLOvSn,
YOLOv7tiny, YOLOvS8n il YOLOv9s #f [, et
AEARF R RS HOR AN TR R AT N, mAPS0
IYHIRTET 6.0%. 6.9%. 3.3% F10.5%, HZHEM
TH i AHES YOLOvV8n 43 il BRI T 46.6% il 44.4%.
SCHk [34] il 5] A4 RN H—fk (GRN) 2, 3%
ST 3E A A REIE S A o 1% TR AR T TR R
fERE ST, mAPS0 JA%) 88.7%, fH 2 H KM N 1 A
ZECRATH R . SCHR [35] &G TR BRI B
e LN CFoR, (Rl s RE
%%, FEOZEAIE B IIRE AR TAS SO, 256
G3AT, BHEREA L IR T RO S A
T L o 1A RGNS i RS 1, REAS S B X
SLI B ZABE RO . peAh, HR bl AR
i A BB sh i & AT AMNL L, SERHMEHE R,

3.4.2 RFESLER SE TR SV HEEERT

F T 2% RN [R) 2R A REAE AT N ] A e B A
i, MHRSE C2f-RVB & SE R I HLilAE 1
IV 4% 4 AN Ti) S 0ot B 3 L A R T AR - 7 ) A
Pade D TPEREXT L ST, SEERES RN 3 s, H
. PRORIERGR, R FRAIR; OFREETH
LI5S 8 JZUS N SE R ML, @FIRAE T T
(5 4 ZHNEE 8 JZENAN SE i Lk, @FRTEE
TILERIERE 2 )2, 5 4 J2FNEE 8 J2U8 N SE R AL .

%3 TRE4LE SExtib

Table 3 Comparison of SE at different positions

Pl% RI% mAP50/% Params/M
YOLOv8n 90.2 83.0 85.1 3.00
o) 89.5 82.9 84.9 2.64
@ 88.5 81.7 82.1 2.64
® 88.4 81.1 85.8 2.64
Ours 91.0 83.5 86.5 2.64
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B AL T H T = FhAS R B A Ak 6 B o B AR P
DPERE . TR PRIAE Tz sest Jy 245 321 46 GO
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[T YOLOV8n, HGHFEEHEMERIS . H M2 H mAP50
A ARE T 0.8% . 0.5% 1 1.4%, MIMERIE T C2f-
RVB 8 B A 8501
3.4.3 C2f-GD YA BT

C2{-GD #5311 44 2 546 Bl 5 2] Ghost Btk
TSI 4% RE A S A U S B T, 498 R A
FRIRIZALAE S1 . NIRAIE C2£-GD HE B 7 AG I % 3 111
SUBERRE T AR, 78 A A4 Lk HOP sk Al
F AT B LG, C2f-GD BEHedh Sy 3 e n &) 11
FiR o

fE T RT N, 5] A C2f-GD A H AR T
TR XoF 370 39 2R 2 1 JOLI MR 256, () s X6 4 AR I 3R
HR R DG VR RN ARURR M, B R T AR i b A A0
FEMEA, BE T C2f-GD A& B A 1 s A5 2

LRSI PE
3.4.4 REHRRREHERERT

AN BRSO R T I {5 S s =2 ) 25 HE 11
JE R AP TTIIRIR, RIS RI R R B S AR
REZIFIIC R, LT T CloU, EloU™ ., WIoU™
1 SIoU PUBh it 2k ph £ 7E 17 2 00H 45 i MERE IS L
ENGEENTE OO aa Sy I E N V7

Hi4e 4 vl ESEEAENEL T, ASREH
R PRBIOVHASE TR (RS0 1 B i LR TR ) o G EASER 11
£ 7] ZEF mAPS0 43 i $2 T+ T 1.2% 1 0.6%, KW
SToU AT D45 A5 70 (1 1] =K B RS B0RE E, A3 300%
I T 30 BB 1 A IR A () 155 100

AR 2 B BB 2 X Fe AN 12 B,
E 12 Ef LA, BIRER AT SIoU Ja 42k T REF-ir B
PAIAB IR B AR, FWIBIRAE 2 >) SLBEFRIE B T AR
TE o X FEEIE R SToU 515k pREIH L 31 B SAE Al
DUAE = [B] T AR AT ) ARBIE SRR I R it T 5
SRR BE i, AT B AR B A B T ) 9
D5 a) L, SET AR S

Ji

LAY

5] AC2f-GDHB

B 11 C2f-GD &3k 7 B 2f 1k
Fig. 11 Comparison of thermal maps with C2f-GD module

(4 TEMREJHATLLER

Table 4 Comparison results of different loss functions

Loss Pl% RI% mAP50/% Params/M
CloU 90.2 83.0 85.1 3.0
EloU 89.5 82.6 83.8 3.0
WiloU 89.9 84.1 84.2 3.0
SloU 89.9 84.2 85.7 3.0

4.0
— SloU
3.5 — CloU
— WioU
3.0 — EloU
[2]
8 25 H
-
20}
15+
1.0 . . . .
0 50 100 150 200 250
Epochs
B 12 R s &tk B

Fig. 12 Comparison of different convergence curves
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3.5 ELERIMILERExTEL

SRy T B LA b 2 A R A R o B
W RBERT I AR, 76 F A AR 1 IR GRS 41 R ik
AT SEBRRTIXT LY, AN 17235 37 55 B8 A6 T 45 %67 LE
K13 i

H & 13 AI%1, YOLOvSn 7EAG AN [R] 375 1 121 3%
SABERTAAERIIRE FEAN & . IR R A A (Rl R, e
Gt 52 2 37 st e L 4 T L N R ) S e
AHEZN, SGAARAERIEAE P R T YOLOVSn,
ARSI B2 5 v HL AR T iR RS Ol b, 5k
FE D AN Rl i 3 244 HAS R aE M, 7240
BSE T BACHE R X6 S P 30 e S A A TN ) A 250 AT
St
3.6 HAELZ L EIIE

SR HE— A5 B TIE G B o} e M A A I ) A
RNz AR, SRR AR RDD2022 |
SER T4, IS Baseline BERIGEST T PEREXT L, H
RIS, PR 5 Baseline A AN He A48 2 Wi Sth
ZRH mAPS0 jhERrHIAnTE 14(a) FE 14(b) .

&l 14(a) FTAT, SCHEBEA IR SIOSCR A, 15
AH AR R 31| el 7 v BB A 27 ) 3 4 1T 1) S8 80
Rtk HaaTsmmzebeag. mlEl 14(0) AIA, Holk
BRI A AR 180 YR V- #4005 B #a TR HBA i T
Baseline; Itoh, BCEAARIREA MBS IS, &
AR LR T TR A ofe it P AR

1628 HBOHE 42 RDD2022 Ff it B s 5 H
FRA 35 % Faster-RCNN, RT-DETR-L. YOLOvV5n.
YOLOv7tiny, YOLOv8n, YOLOv9s Fl24i 37 5%
PEATXT HLIRUE, XF Fsgab gl i anse s s, Rk
For i EbERE

te 5 A, eCHE SR AR R AR A I 5k
& mAP50-95 WA T YOLOvSn FISCHik [34] 41, Higx
KRR AL, Horh mAPS0 353 T 78.9%, # T
YOLOvVSn 2T+ T 2.6%, [FIAF SH M55 5N
YOLOVSn ) 53.3% #155.5%, FPS #2711 161/, L4
B, BRI A TR A A R ARSI EE A
R, Ak, 7EA LB RS RDD2022 [ #1758
BrAS i 45 5 aT Ak, 553 SR 25 0 L an il 15

B 13 @3k R aehms Rk, (a) YOLOV8N; (b) Ours
Fig. 13 Comparison of slope crack detection results. (a) YOLOv8n; (b) Ours
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Fig. 14 Comparison results of training on RDD2022 dataset. (a) Loss convergence curve; (b) mAP50 curve
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Table 5 Comparison of the experimental results on RDD2022 dataset

Model mAP50/% mAP50-95/% Params/M GFLOPs FPS
Faster-RCNN 63.1 345 137.42 371.4 18.2
RT-DETR-L®? 73.1 40.4 28.44 100.6 324
YOLOV5n 75.9 442 2.50 71 107.8
YOLOvT7tiny 75.5 441 6.12 12.4 108.5
YOLOV8n 76.3 44.9 3.00 8.1 95.8
YOLOV9s®? 77.9 446 7.33 26.8 65.2
SCHR[34] 78.4 451 89.1 15.4 —
SCHR[35] 78.1 445 334 — —
Ours 78.9 44.7 1.60 45 111.6

Original  Faster-RCNN RT-DETR-L  YOLOv5n

labels

B 15 RDD2022 #t4% % R FikAml 4

YOLOv7tiny YOLOv8n

YOLOV9s SCHk[34] CHR[35] Ours

+ 5tk

Fig. 15 Comparison of detection results of different algorithms on RDD2022 dataset
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Improved YOLOvS algorithm for detecting cracks
in roadbed slopes

Niu Xiaofu', Huang He'?, Zhang Hongmin"", Xu Tiefeng'

SPPF

Improved YOLOVS8 network structure

Overview: The road transportation network in our country is constantly optimizing, and the slope engineering of
highways is a key link to ensure the safety and stability of roadbeds, and its importance is becoming increasingly
prominent. Cracks, as the initial signs of most highway slope diseases, their increase, expansion, and evolution are
intuitive manifestations of slope instability. Therefore, timely and accurate identification of these roadbed slope cracks is
the significant for real-time monitoring and warning of highway slope disasters, as well as ensuring smooth and safe
traffic. Traditional slope crack detection mainly relies on manual inspection, resulting in high detection costs and low
efficiency. In recent years,while deep learning based object detection algorithms can identify cracks, they tend to be
limited to a single simple scene. However, due to differences in the shape of slope cracks, complex backgrounds, and
lighting conditions, there are problems such as low detection accuracy, complex network models that are difficult to
meet real-time requirements, and poor model generalization. In response to the problems in current slope crack
detection algorithms, this paper proposes an improved YOLOVS algorithm roadbed slope crack detection algorithm.
Firstly, a reparameterization module is embedded in the backbone network to enhance the network's feature extraction
ability and improve the detection accuracy of the model. Then, a lightweight C2f-GD module is built in the neck
network, which enhances the generalisation ability of the model. In addition, the lightweight detection head L-GNHead
is designed, which greatly reduces the complexity of the model and improves the detection accuracy of slope cracks at
different scales. Finally, the SIoU loss function is used to accelerate the model convergence and improve the detection
accuracy. The experiment results show that the improved algorithm improves mAP50 and mAP50-95 by 3.3% and 2.5%
respectively on the self-constructed slope crack dataset, effectively reducing missed and false detections of slope cracks.
At the same time, the number of parameters and computational complexity of the model is reduced by 46.6% and 44.4%
respectively, and the FPS is improved by 18 frames/s. In addition, this paper conducts generalization validation on the
public dataset RDD2022, and the comprehensive results show that the improved algorithm makes the model more
lightweight and efficient, which helps promote deployment on edge devices. The next step focuses on the deployment of
the model on mobile devices and in-depth exploration based on the actual detection performance to better meet the
needs of high-accuracy and real-time applications.
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