20256 HT it THAR (1 3E30)
F5ak FH12M CONSTRUCTION TECHNOLOGY 129

DOI: 10. 7672/sgjs2025120129
ATALERGEGRET QAN T &

woOAL R YV ERE LR R

(L HEMBEARFLIARTRER, HME R 411201 2. MM E=TRARAF,#HMmE HE 411104)

i

[HE] WA ABCE REME R, RT3 09 H Sl g i i 18 M4 i B 5 07 . SR, BB B 1) i 1
95 TV M T I i 22 BRI, WS [R5 T S 260 ] 114 52 2% 1k RUAH DL 975 3 119 22 IR AR i T R 5% PR 3R 1) 33 i 462 [
MEARSR  BE TR BE 2 2 1 H A I 532 A B8 s 2 1RO v R B 11 8 25 P 34, JL I Faster R-CNN, YOLO 4B
(B335 YOLOv3,YOLOvS, YOLOVS ) 7ETZ AT AS 2| 772 10 FH AN 9E . Faster R-CNN 1B 4 i B BEAG ALY (9 40 35, B
BB R AFURS I 2 AR08 X Al S I 3K . YOLO R A RS A0 3 S b A0 0 3 28445 B 98 — A
I RIG T T R B 5 . YOLOV3 76 38 8 508G J (8] 4G T R 4074, (H X /N B AR R 88U R A AE AN
YOLOVS it — 20 ORAL T RIS (i AS BRI AR e AL RORE B DA T 47, B9 YOLOvS AR ARG B | T2
ZALRE ) XA AR JUIAE B e S A BRI A 55 R I L 5L MR . X Faster R-CNN, YOLOv3, YOLOVS,
YOLOv8 I /5 1) YOLOvS 5 P U 7E I 15 5 B sh iU vh i R BLHEAT T RGN EL AN AT, 45 5 B et J5
PR Z8 K5 THERE Sl 93. 289% ,mAP £ % 89. 9% , HA BT 5L bR FHRCR

[RERIA] T, BRI 00 2008 N TR AE  MLER LIS ; TR 24 3T oAbt AG

[HESZES] U418.6 [ XEkARIZAD] A [ XEHS] 2097-0897(2025) 12-0129-05

Automatic Identification Method of Pavement Diseases Based on
Artificial Intelligence

ZHANG Ming" >, YAN Fei', WANG Pengtao', JIANG Yi'
(1. School of Civil Engineering ,Hunan University of Science and Technology, Xiangtan,
Hunan 411201, China; 2. Hunan No. 3 Engineering Co., Lid.,
Xiangtan, Hunan 411104, China)

Abstract; With the development of intelligent transportation system, automatic identification of pavement
diseases has gradually become an important research direction of road maintenance. However, the current
pavement disease identification still faces many challenges, such as the complexity and similarity among
different disease types, the multi-scale characteristics of the diseases, and the influence of environmental
factors. In recent years, object detection methods based on deep learning show significant advantages in
pavement disease identification, especially Faster R-CNN and YOLO series models (including YOLOvV3,
YOLOvS, and YOLOvS) have been widely used and studied in this field. As a representative of the two-
stage detection model, Faster R-CNN has high accuracy, but its detection speed is relatively slow, which
is difficult to meet the needs of real-time applications. YOLO family of models greatly improve detection
speed by combining detection and classification tasks into one step. YOLOv3 achieves a good balance
between speed and accuracy, but it has some shortcomings in detecting small targets. YOLOvS further
optimizes the structure of the model, making the model have better performance in terms of lightweight
and accuracy. The latest YOLOv8 has significantly improved model accuracy, speed, and generalization

ability, especially showing excellent performance in the task of automatic identification of road diseases.
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In this paper, the performance of Faster R-CNN, YOLOv3, YOLOv5, YOLOv8 and the improved

YOLOv8 models in automatic identification of pavement diseases is systematically compared and

analyzed. The results show that the improved network accuracy is 93.289% , and mAP reaches 89. 9%,

which has a good practical application effect.

Keywords : roads ; pavements ; diseases ; cracks ; artificial intelligence ; machine vision; deep learning; non-

destructive test
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Fig.4 Comparison of the results of different models
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