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SimCLR-YOLO: a road disease detection algorithm for
low annotation dependence
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Abstract: To address the challenges in road disease detection, such as sample scarcity, high miss rates for
weakly textured targets, and complex background interference, a road disease detection algorithm named
SimCLR-YOLO is proposed to integrate unsupervised pre-training SImCLR with YOLOv8n. Firstly, the
SimCLR backbone is replaced with YOLOv8n’s CSPDarknet to achieve structural alignment and seamless

feature transfer, resolving the feature loss issue caused by network structure mismatch. Secondly, masked
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reconstruction is incorporated into contrastive learning, forcing the encoder to focus on the texture contours
of cracks and potholes, thereby compensating for the under-fitting of contrastive learning to weakly textured
features. Finally, a CBAM attention module is embedded to guide the model in suppressing background
noise such as road texture and shadows during the pre-training phase, while enhancing feature responses in
critical regions. Experimental results on the public RDD2022 dataset show that the SImCLR-YOLO
algorithm achieves an mAP@0. 5 of 89. 4%, whichis 1. 7% higher than the baseline model, with a 1. 1%
improvement in mAP@0. 5:0. 95 and a 1. 8% increase in Fl-score. Validation under different annotation
ratios demonstrates that the scheme incorporating pre-trained weights outperforms training from scratch
across all data gradients. At a 50% annotation ratio, the SimCLR-YOLO algorithm still achieves an
mAP@0.5 of 87%, approaching the baseline model under full annotation, significantly reducing the
dependence on annotated data. Moreover, the improvements are only effective during pre-training, with
no additional overhead in inference parameters (3. 01M), providing an effective technical solution for real-
time road disease detection under sample-scarce conditions.

Key words: road disease; YOLOv8n; SimCLR; unsupervised pre-training; low annotation dependence;
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B (GFLOPs) & 485 .

P—L (6)
 TP+FP’
TP
R=——, 7
TP + FN 2
1
AP=J P(R)dR , (8)
0
N
DIAP,
AP=""_ 9
m N (9)
2( Precision X Recall)
F1l-score = , (10)

Precision + Recall

AP TPAC K 0 90 5 FN R R Rk
L FP S T3 405 B, AP X R 4% 2%
5 P-R £ T i 1 AR, mAP B4 25 51 AP (115
fH . mAP@O. 5 /& F8 ¥ & {5 B B H ¥ 0 0. 5 i
500K, mAP@O. 5: 0. 95 K 35 17 & {5 B 7E
0.5~0. 95X [ N R, f )i H F1-score(fg
B 5 A TR0 2R 0 I AT 357 ) 40 e A 8 1 e e 1k
3.3 HELIE

e A T S R g K AT B A A R
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YOLOvVSn B3 B AL SR, LA X 22 > 51
B I HUH 25 A 0TI 2k a5 A SRR 6 4
S S 7 RDD2022 Y 44 AT 4 5

WA o Sy DR R S 56 B9 28 P 1 BT AT 4 0 R
F 1T 1Y 2 5000 &, O T 2 5 s R 19 2%
ZER AT A A . H RS IR S R AR 3R
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Tab.3 Ablation experiment results

mAP@ mAPO.5: Fl-score/ Params/ 18 &/

¢H5)  Scratch Coco-pretrained SimCLR CBAM MAE

0.5/% 0.95/% % (X10°)  GFLOPs
1 NG 84.2 53.9 79.7 3.01 8.1
2 N 87.7 59.5 83.0 3.01 8.1
3 N 87.9 59.9 84.0 3.01 8.1
4 NG NG 88. 2 59.5 83.2 3.01 8.1
5 N/ 88.0 59.0 84.0 3.01 8.1
6 NG N 89.4 60. 6 84.8 3.01 8.1

T RO s il

2H 5 1% HIBEHL) 4R A 1) Y OLOv8n B A i
17 Mk Y25 (Scratch) , i Tk 2 Bl 2R AR (1 56
5 MR, 32 R T A BR 00 B 3 AR ARE AR, AR AL M LA
Il grp sz, SE mAP@O. 5 Fl Fl-score {Y
Iy PR E] 84. 2% F179. 7% , KM BE K T 51
AT A g At X B2, 2150 2 Ry FE 2R A
ELHEH H ImageNet Ul ZRAL E #) 46 £ YOLOv8n
FEF R4, mAP@O. 54 87. 7% ,F1-score 4 83 %,
AR TE FN 2R () 2 5] 1A B R 2 T . TmageNet
DLA SR 5 MG R &, 5 B 1 R S8 53 A 25
SRR, N GRFFAE 1 IE B RO Z B . 4150 3 4%
FUN 24597 B4 SImCLR , 76 1 1 598 45 1 ik
X 2] . mAP@O. 5#F+ % 87. 9% ,F1-score
83 % $&TF 2 84 % o FETHIE BEAN K, I I AE T X
Pl 2 2T B A% 0 B RS 27 2T AU A (38 SCRFIE , 3X
FERFAEAE A X A0 75 S 3 E X 5 1 0 i 3
FEMF AR, mAP@O.5:0. 954 M 59.5%
T2 59. 90 EPIE 13k — s {H/N RS 3R 0
e % T RO S b R AT X L2 S g g 34 L aE
T 25 00 3 P (W R AE e o A ) A FE X FL 2 )
filt B9l A CBAM {1 & B . mAP@O. 5 2 7
2 88. 2% B ) 24275 0. 34N E 43, Fl-score I
F% 2 83. 2% . Fl-score B [ - AR A5 A15E £k |, 1M
SR B R 5 [l A A A2 A - CBAM 38 i 1 4l
T S5 07 4 = 7RG DR B R (FL[R] st 2o i A T
BB AR E AT B BB PR AS R BOH MR A R
. mAP@O. 5:0. 95 - 4F7E 59. 5% , Ud I B 4L 1)

T AL R kG B E A Y TR A B . 2 5 5 7
259 3 a1 AHERS A AT 55, AN CBAM,
mAP@O0. 5% 88% ,{H mAP@0. 5:0. 95 )\ 59. 9%
TRER59% . X —H G T Skl R A
4[] AL - A A 55 2 R I 45 B R o A1 )23 80 JHE 44
W5 AR ZE WO 00 B A ) R R 4% 4 Eih 4
T8 SCRAE 4~ HARAH BT, 82 A7 U0 R
VAT ML B, X 28 T AT 55 TR 448, RO T
FENAGRE . 15 6 A SCE R AL il SimCLR .
CBAM FIHERS EH) . mAP@O. 53k %] 89. 4% , %
BT 1.7 A 2 2L mAP@O. 5: 0. 95 35 F|
60. 6% , B FLL T 1. 14 43 45 s Fl-score ik )
84.8% X FELTL 1.8 A 4 M. 3T AR
KB AR, FAH FAT B — e b s e P4 & AR
WY G 2 T 20 51 6 AH X T4 0 4 FZH ) 5 R 4R T
UL T 3 BEE Y B [ AL : CBAM 7224 T X
2] SR A Z A MR
il I 45 B8 0% X 40 IR 45 T 38 SC B A (%) 4R AIE 38 T8 A
IR 55 401 T A R RR AR G 25 B 5] 5 W
25 AR DX AR B A T TR (SR R AR
DX B4 OGS B2 > s B i SR R o X R A T A
PRI I AT 95 DR B 55 0 20 S A L RD 72, B 24
A B Sy G U0 4 B ) A T HR T o AH AT A Sk IR
Y 2E 50 1, 51 T 2R AT ER 1 XoF R4 A 1 B
ST ORME AR T o RS g X LY 45 R S
UESE T T 25 56w AE O Ak B bR ks RS BE o i A%
OAE .
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6] KB, 45 : SImCLR-YOLO [ [ 5 i 48 14 2> 8 35 4 00 5 7 1167

THRIT B 5 T, S8 AR S 50 O 3. 01M,
GFLOPs )y 8.1, GRA ST & —8. K& AA L
Je A ik A T BN 2R B B - SImCLR X 1L 24
>J \CBAM B 45 B I A% = AL 7 S8 I AE T3
IRt 2 5350, T 515 2 5 5 o ~J 55 HH) 5
PERRRIE R 7R o T I AR DU AT 55 (G 7% BN 2 4
A 25 05 A% AU, bR R B 4 BB RS B, A 1) 15 4%
A 5 HE LR 5E S AT IR, RS0 25 B BE 1 i 4T
ROk T 4 AL ) I 4k (EAE B AR 5T
AT IR 5

3.4 CBAMEFENNGIREBERHRAESHT

9 5 9E CBAM i & J7 8 3 DL K MAE Xt
SImCLR WY 1E 17 5 1, % & 5] A CBAM {F & ) £
P MAE () SiImCLR 5] A CBAM {F & 8 1y
SimCLR . 5] A MAE f§ SimCLR 5| A CBAM
B & MAE (% SimCLR 47 44 7 & 5 #7 .
i T SimCLRJ& T JC W8, iy A G B AT AT b
TE A R e AIE P81 3803 w] AR A6 (Feature Map
Activation Visualization) 3 17 3¢ 5 & 49 #7 , 45 R
i E 10 fr s o

gé':;lﬁl.....

BT L 25 S 0 S R T 5 A RG] R IE 2%
N EPEN . TEARSI A CBAM 1 5 71 5 &
MAE % SimCLR ([ 10(b) ), B A 5 20 5256 1Y 5
SEE XL 58 2 T E T8 T8 E I St
I b e BT S AR . R R TS
G 19 S92 48] ) 590 A 55 A3 SR Y 1X 43 AN ) 1) P14
AN 35 OB Y AT ) AR IO AR G A X RS
By T IX 43 B AR A0 42 S5y R AE 10K X6 Ui 52 46 AT 55
&5 G BN R B 4Ntk 24 48 L R G R R T DL

(© (d) (©
B0 ATl G E R SimCLR B4R AESOE $O7 FOXEEE  (a) JUET 5 (b) SImCLR; (¢) SimCLR+CBAM;(d) SimCLR+
MAE; (e) SimCLR+CBAM+MAE,
Fig. 10 Comparison of feature activation heatmaps of SimCLR under different ablation configurations. (a) Original image;
(b) SIMCLR;(c) SimCLR+CBAM;(d) SimCLR-+MAE; (e) SiImCLR+CBAM-+MAE.

A2 . 5l A CBAM VE B B A 505 T
X2, i 10C(e) i . FEZEHR 13,5, ]
ASTE T 10(b ) v e K T R 4 - 4 [ 11 i )
WAL T L I ) 4 XU R T B R A
SRR R o 3X 26 B CBAM i i 3l 3 A1 43 () X
TERE S WL A7 5505 | AL T 25 B B T 8
FH ) 5 T 1S S SO, 0 S S T OGBS S X Y
FRAENE R o SR, B HT CBAM X 3 55 e (Y
MHA AR, ansh 5 2 F 4 R, AR R 4
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GBSO TN IR ER R AU I i wE N Ol = R
IR & % — e PG BE B . #F SimCLR
AL G A HE RS K B 1 10(d) AR AF 350 0% 26 B i
M ik 119 25 (] LA BORE M . 7RSSR 1.3.5, it
DX 3 T A, S B A R A I R A W R
BRGNP IE . FRRR RS R 3T, MAE K
Ty i 52 W T B 10Ce) A R A 0 3K 1) et 24 4
[IHE ARG R 2 M4 vh 222 152 5 1 60 22 38 4ot
AR {1 A7 T T PG A B S 1 55 AR R i R T
AT B, SR, B 10(d) A 15 5 X % 1k
FE T A L B 0 5 T o X 3 I Al
1) % T K4 AT 55 B AR BB S W (R H R AR
S % 1 A 0 A 7 24 B 5 0 R 1 A0 0 B S R L R
Hy Ll = X RRAE ) 16 B 1 L 0, S 3o e A
SO I BOR B T CBAM., =& G
T CBAM 5 MAE RIE 10(e) SEEL T W & 1A B
oAb, AnZE R TR 2 firR M T M S| A CBAM
s G| A MAE B 75 5 X 380475 8% B 358 43 =5 52 Wil
NP BT P A LGS A R 0 5 TR ) T
SRR AT . ESER 1.2.4.5 0, 58 BB R R}
A2 2% BF 52 1 (0 2 38 2R 0 T P VR 0 T I AR 1

HH A T A AT B — A 1 T T A R 5 X3
)R AR R B L, e AR (1 3R ARG 0 5 5 3 B4l
A R IR 5 T 5] AL CBAM G 10(ce) , {H A
fiEh 5 F B 51 A MAE B 10(d) |, 3 B i Fiik
A )k T MAE 3o B2 B0 S5 ), 52
T DK BE 5T s A s AT

X —XF F oA TR T A A A R
PE < 3 T A AT 55 KT 1 AR AR Il g it g 2R AR L
S 55 TR A Sr PR AR B, YD R L 2 3T ) 55 o B A
TE (8 R AP B B 5 T CBAM 1 2 ) B e ) 76 Y4
TR BERRAE AT UE A, 5] AR R AE T SR B B )
P-4 S A B S MRS . T R R VE L S
IBS 3 E Lk IV L R = W
Mg 7 1) 56 35 R B
3.5 AEEZETLE

R T B UEA SO ARG 14 BE LK SimCLR
YRR YOLOvV8n 5 Y1 = i 19 H bk I 53 7% i
AT X5 H S 50, ) 3345 3.4 Faster R-CNN L, SSD |
YOLOv5n, YOLOv8n, YOLOvSs, YOLOvOt,
YOLOv1On,YOLOvIIn, 5 M EXT He 25 21 4
FAPR,

Fz4 ETRDD2022HEEMEE MBI L
Tab.4 Performance comparison of different algorithms on RDD2022 dataset

- Precision/  Recall/ mAP@0.5/ mAPO0.5: Params/ i}&&/ Fl-score/ FEAIF/N/
% % % 0.95/%  (X10°)  GFLOPs % MB
Faster R-CNN 71.2 82.7 79.4 48.5 41.45 94.4 76.5 108
SSD 76.7 61.2 62.6 43.8 26.77 60.7 67.6 33.7
YOLOv5n 84.3 81.3 87.1 57.6 2.51 7.2 82.8 5.1
YOLOv8n 85.3 80.7 87.7 59.5 3.01 8.1 83 6.0
YOLOVS8s 83.9 82.6 87.4 60 11.1 28.7 83.3 21.5
YOLOv9t 84.9 83.7 87.6 60. 5 2.62 10.7 84.3 17.1
YOLOv10n 84.3 79.9 86.5 59.3 2.71 8.4 82 5.5
YOLOvlln 83.4 84.8 88 59.9 2.9 7.6 84.1 5.8
Ours 84.7 84.9 89.4 60. 6 3.01 8.1 84.8 6.0

TE MRS R el

HY & 4 AT AT 5% (Ours) fE RDD 2022
B AR bR W LR A L TE R RS 2
D5 T, AR SCHRL IR AE 2 000048 b b 359 B0 o pe 45
W BARMF, AR FREF 84. 9% ,4 YOLOvVSn
T 4. 2% ;mAP@O. 5355 89. 4% , N FT A X b
Bk A A, 25 YOLOv8n . YOLOVSs
YOLOvVIt, YOLOv1On f1 YOLOvIIn$&F+ 1. 7% .

2.0%.1.8%.2.9% M1 1.4% ; mAP@0.5: 0. 95
ik 2 60. 6%, [ FEAL 4 — B R AL A YOLOvIt
far 0. 1% 5 Fl-score i5 #] 84. 8% , # YOLOv8n
A YOLOvOt 43 5 42 F+ 1.8% 1 0.5% . H #R
YOLOvSn 7£ 45 & I DL 85. 3% W i T A% SC 53
19 84. 7% ABA SCR AR A MR b i IR
R H LA T 5 1 R B R HE BB T, T AR R AR, X
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RIS, 6% BRI R LS. 600, 5L T 4t
W ES . 5 SSDAH I, S5 FE K 88. 8%, 1
TR IR 86. 600, A5 AL R /N I 84. 9%, [F] B
mAP@O. 5T+ 17.8% . S5 £%] YOLO 8 ik
XF L, AR S AE DR R A A TR B S B TORG
ER T, M T YOLOvSn, A XH %2 &
B 19.9% , 5 mAP@O. 5 #2 F+ 2. 3% s M & T
YOLOvSs, 250K 72. 9% i AR 71. 8%,
i mAP@O. 5175 & H 2. 0% ; #1 % T YOLOv9t,
SRR 14. 9% B3 B EREAK 24.3%, B
mAP@O. 5 & H 1.8%; M & F YOLOv1On M
YOLOv1In, 5375 2 80 A58 B AR T 19 1% 0
T, mAP@O. 5 40 5l &5 1 2.9% i 1.4% . MET
YOLOv8n, YOLOvV8s (W #£ # 1] % Fil mAP@0. 5:
0.95 Wi (B7EKS BE .mAP@O. 581 F1-score |34
i 7 YOLOv8n. X 1] fig fh T RDD2022 i 4 4&
FHXTHE /N B RIS R 25 5 il 6, 38 B 60 B v 77
TERZ /N B b, % i B R i e /N B AR A I
T 2% PR Ao 33 DA T 156 B, A 78 S B K
U BE X R E AT 55 R 1 A Y R A B Sy

g5 LTk AR SCHEEAE RDD2022 045 4 1
SEEE TGRS B ST S AR B O . A T
A% BB AR SR D AR 5 mAP@O. 5
(89.4% ) F1 mAP@O0. 5:0. 95(60. 6% ) #fi £ T K
DU A ) B DL AR AR Y 2 00 (3. 01M) 38R
(8.1 GFLOPs) FIBEI R /N(6. 0 MB) , SC L E
B $ TS L R
3.6 RARIFMREIHSE T RS EE M

FI B U 25 O s A% 0 1 3 T RE A5
AR T A T B v A 20 FLA 40 B GE N Y AR
HEFIR . FEABIFEH , SimCLR FI 2k B BEF IR
e TR VR 2N BT T EE 38 R E A S L2
P2 A A9 2L LSRR o A #K T ImageNet
I 25 A i A0 4 1 3 AR RS AR AE DL B A

S YN, 3 Fh SRR S 1 R AE 6 5 0 B0 3
DA 55 6 A% Ry I Jife A 00 85 780 8 48 BT O 1) 2 B
Ak . MBI ZRARAE S B bR AT 55 09 FEAE 43 A T8
Shy 2 AT I T U A AR G AL SI R R PR e M ik
1 FBR 5N BR A Re 1S 24Tt

g B E IR AT AR SCR T TR [F AR T
Fo ) R B % e S B . B RDD2022 I 2k 4 43 il
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BELTE L Y25 YOLOv8n, COCO Fil Il 5 1y
YOLOv8n 5 2 SimCLR Il % 9 YOLOvSn |
G3 M HEAT U5, S B 45 AN 5 i .

TSI T BN (Scratch) (38 W B
FYIZR(COCO) AL AT B B B2k 715 (Ours)
FE R TR BR 1 EG T ARG 0 BB X HE . DA (AR
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FU AR, AR SC O R RS T 4 B 34— B0 e T
KIS COCO I LR, 7Em £l Bk 70 %0 B
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AE S, 7640 E B T SimCLR I 26 78 #5# 11F R
J2 TR DB o RO 4 U 50 06 B AR ST
R mAP@O. 54 87. 0%, 54 #Ar{E F I COCO
I ZRBE R ALAH 22 0. 7%, H B & T & A i
TN Rt fE . X 2 B A SOy 1k DL - e A
ARG BE & B0, 3 B 50 %6 A9 Ak 1 B0 AR 11 8K, 5 8% 2%
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S mAP@O. 5 AT COCO il 245 485 84 F1
S54SR T T 3.9% F19.4% ,GEM] T 1E
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Z R TR U, AR Bk AT Al R B AL AR S 0
TESEERE 7, B B Iz ARV 0 5 S (A .

gr LR WU SR A 2 e R I Hh K iR R
ARG ER . 76T IR ERNAES T,
B Xt b 5 A4 3R PN I 2 AS (R A 0 445 2 it
BB R AR I 00 LR AR A EE |, 3 R AE SR A
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SCHEHL 100 % 5 H i) B 50 % B H ) R 3 Rl
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Tab.5 Detection performance comparison under different annotation ratios

TR0 i i L 41 Precision/ % Recall/ % mAP@0. 5/ % mAPO0.5:0.95/% Fl-score/ %
Scratch 81.4 78.1 84.2 53.9 79.7
COCO 100% 85.3 80.7 87.7 59.5 83.0

Ours 84.7 84.9 89.4 60.6 84.8
Scratch 80.0 74.8 82.1 52.2 77.3
COCO 70% 84.2 80.8 86.5 57.4 82.5

Ours 85.5 83.2 88.7 57.8 84.3
Scratch 78.5 74.6 80. 6 51.1 76.5
COCO 50% 80.0 82.0 83.9 55.7 81.0

Ours 85.0 82.3 87.0 57.1 83.6
Scratch 82.8 66.5 75.7 45.7 73.8
COCO 30% 81.8 76.0 79.6 50.9 78.8

Ours 80. 1 78.1 82.1 54.5 79.1
Scratch 68.7 53.2 58.8 31.2 60.0
COCO 10% 81.2 54.4 64.3 38.6 65.2

Ours 76.4 64.2 68. 2 40.5 68.0

FE B A ARG I 3 rp O3 LAT D), 445
R E 50% B, COCO il 2k 455 80 78 H 45 1 %
FEAE T — A B S 0 T A  THE 5 I AR SR R A
100% 5 50% i T ¥ & BURa 2 , K60 A 5 157 K
WEH JEICA . 58 247, Sk 2R 19 Scratch

50%brii: 100%bR{E

100%b57E

BYETE 100% #R i T H B A, 78 50 %6 AR v T K
A0 T 1 5 S 1 b A T O T8 8 b s COCO
TN SRR 50 % drid B & A T4 2878 KA
IO Ja8 IR 24 4 4 5 T R R ) S Ak M H 2
AR SO AR 50 %6 bR TE T KSR RE 06 52 B 4
50%HRit:

50%PRiE 100%bR{E

ATENAN

(a) Scratch®. i (b) COCOM (A SCa
(a) Scratch (b) COCO (c) Ours
EI11 100% K 50 %6 drids Lo A8 T 45 38070 20 B 8 A 0 45 2R % Lt

Fig. 11 Comparison of highway distress detection results under 100% and 50% annotation ratios
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Fig. 12 Comparison of detection result
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