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[ Abstract] Aiming at the problems of poor real-time detection, low accuracy, and false detection and omission of pavement disease
detection including hole and crack, an improved algorithm based on YOLOV9 was proposed to resolve the problem. Firstly, AKConv
(alterable kernel convolution) was introduced into the backbone network to replace the convolution module in RepNCSPELAN4 ;| which
improves the feature extraction ability of the network for different diseases and effectively solve the problem that road disease is difficult
to distinguish from background environment features. Secondly, selective image attention mechanism ( SimAM) and DySample sam-
pling modules were introduced to focus on the key information in the detection head, and the capability to extract information features
was enhanced more efficiently. Finally, the inner-IOU function was used to optimize the weight parameters of the model to improve the
learning ability of mixed samples. The experimental comparison between YOLOv9-c and our model showed that the accuracy, recall
rate and MAP of the improved model are increased by 40. 17% , 15.99% and 20. 95% respectively. The performance has been signifi-
cantly improved, and the detection effect is more accurately and efficiently, and the accuracy and generalization ability of pavement dis-
ease detection algorithm are improved.
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Fig. 2 Structure diagram of the
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1 ratio B
Table 1 Ratio ablation experiment
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Table 2 Training hyperparameter settings

ratio P/ % R/ % mAP@Q0.5 mAP@0.5:0.9
0.5 55.4 42.3 44.9 27.2
0.7 54.2 42.4 44.1 26.8

1 56.2 42.2 45.0 27.4
1.25 54.4 43.7 45.2 27.6
1.5 54.3 43.1 44.7 27.3
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Table 3 Ablation test results

RepNCSPELAN4-

Xl AKConv SimAM  DySample  Inner-IOU  GFLOPs MB P/ % R/ % mAP@0.5 mAP@0.5:0.9
Yolov9-c x x x x 236.6  100.0 49.01 50.52 44.40 23.01
K1 vV x x vV 251.2  108.5 35.90 59.30 38.60 21.70
HE2 x vV x 2 236.6  102.7 63.10  48.90 55.00 26.50
EX x x Vv Vv 236.7  102.8 51.60 57.90 54.80 27.90
EX! vV vV x vV 251.2  108.5 67.90 56.80 57.40 21.60
FES v x vV 2 251.2  108.5 13.60 28.20 16.00 9.160
VESS x VvV vV 2 236.7  102.8 54.70  56.80 53.20 25.50
VE v v Vv Vv 251.2  108.5 64.60 57.90 53.70 19.20
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BB, BRAEAT R 3G Jin X 26 (008G B2 AT mAP $8 %%, R
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T PRA mAP A B E TR 4550 T W45 1)
YIZREEEl, X ER TR AR 2. HE 4,
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ER A SREA T /NI BE A REAR; 7 58 4 AOKG B 4
FT 38.5% , AR T T 12.4% , mAP &£ F+ T
29.2% ;7% 6 WIKEEESETE T 11. 6% , A R 42 5t
T 12.4% ,mAP #2747 19. 8% ; )5 % 7 A5 $2 71
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Table 4 Experimental results of additional protocols

K%l RepNCSPELAN4-AKConv SimAM  DySample  Inner-IOU GFLOPs  MB P/%  R/% mAP@0.5 mAP@0.5:0.9
ES Vv Vv X Vv 251.2 102.8 68.9  58.4 53.2 24.6
EL) VvV VvV VvV Vv 251.2 108.5 68.7  58.6 53.7 22.3
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Fig. 5 Evaluation indicator improvement visualization
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Fig. 6  Visualization of a single disease detection
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Fig. 7  Visualization results of mixed disease detection
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P& Z2 A B HE J1 8 19 1) R[] Bsp X6F e dn Pl 7 ()
B 7(d) T 2B 7 (¢) R crack Rl A 1R 14 4]
Wi A T hole, ZEE 7(d) H SLAS IR AR hole Tl Ry 1
crack , & H AT EkdE 28— R B b wa il 173X W Ak
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EHRAVERRZER, BT EWE RSB ERES
FEAENE 6 (c) IS —BIRER , Xt & R EUR A
ST ARG B2 RN A 1] 8 A1, S5 s 1) R B2 R0 A [ 8 22
Lt 68. 7% \58. 6% Z 5  (HURTEI RS o B AU &)
REfE el —iR 2%, X T 4E 1) e L A4 B & LA
IS A REYE . YOLOVI-c W25 %) T 2444 il K
DK B2 R 43.4% , 3 9] %k 56.8% , map @ 0.5 N
43.4% , M THUERIRIAE A 54. 62% , A A1 300
44.24% ,map@ 0.5 }y 45. 4% ; LAY YOLOV9 X} F
PR RIS A BRI T IR B T 62.4% fHEH
[ R FEARS] T 49. 7% ,map@0. 5 H 47. 2% 45 /M
FERE TN, X T 50 A A0 A RS BE SR 75% , A IRl
67.5% ,map@0.5 N 60.2% , 4% J7 W 4 KT,
RACHHE (1) DR 245 A B Gy b ASr UTR 59
3.5 Xttbikie

R T 20 B IR O A XTI T R T
PR K el it 33k 5 A% e i B Ak I 58 1k a4
Fe s, Hor B BRI S5 A Faster-RCNN 557k
— [y B K I 3% A YOLOV3 ., YOLOv4 . YOLOVS |
YOLOX, YOLOv7, YOLOv8n, TMDet'”’ . PPYO-
LOE™ B3k 4h ANk 5 fi, 3 5 I, et 5
AREE T YOLOVO-c AR AU X R s 2 1 1R ) 6G 2
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Table 5 compares the test results

HR 2 240 /MB  GFLOPs  P/% R/% mAP@O.5
Faster-RCNN ~ 136.52 370.2  47.90 42.60  49.10

YOLOv3 207.80 282.3  58.00 43.80 45.30
YOLOvS 5.30 7.2 44.60 32.60 33.10
YOLOX 8.94 13.4  50.20 49.70 52.60
YOLOv7 6.03 13.2 51.80 44.30 53.50
YOLOv8n 3.01 8.2 57.20 50.40 56.50
TMDet 4.83 8.1 54.80 58.20 56.20
PPYOLOE 7.93 17.4  55.30 57.50 56.90
YOLOv9c 100. 00 236.6  49.01  50.52 44.40
Ours-v9 108. 50 251.2  68.70  58.60 53.70
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