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Abstract

This paper addresses the limitations of road defect detection methods in terms of accuracy, efficiency,
and small object detection capabilities. An improved algorithm based on YOLO11 is proposed by in-
troducing the EIEStem module to replace the first two convolutional layers of the backbone network,
integrating edge features and spatial information to enhance the detection capability for small de-
fects. Experimental results demonstrate that the improved algorithm achieves significant ad-
vantages in key metrics such as mAP0.5 and FPS: achieving an mAPO.5 of 0.854, which is a 1.5%
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improvement over the original YOLO11 and a 12.7% increase compared to Faster-RCNN. It achieves
an inference speed of 113.3 FPS, approximately 15.8% faster than YOLO11 and far exceeding the 21
FPS of Faster-RCNN. Additionally, the computational cost only increased slightly, with GFLOPs rising
from 6.3 to 6.4, confirming the efficiency and superiority of the improved algorithm.
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Figure 1. YOLO11 network structure
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Figure 2. Improved YOLOVS8 network
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3.1. BiE&E

AR AN NS, L0t 3064 5RE . A& 5223 MrsE. RA 7:2:1 RIS IZREE . BuESEFM
MR, DASCIERR Y (A 0N S5 1 REVPAL o B 0038 BR R R0, AR 48 2 A5 T DU Fh SR 4558 2 Y
Crack-alligator (fUR 51 544%). Crack-long (HAMZE5%). Crack-trans (# 1 524%) L & pothole (VTi), H7E
TR T AR )1 R S BN A S DL T R ) R FE AT I . i Rl P RN Crack-trans (18 ) R24% ) 76 DY
SRR thIl e A i b o 2 RIFR B AN En 42 1 B

Table 1. Dataset composition

= 1. BIREMR

FRIARRE FRAATR PR 4L
Crack-alligator fites 0 Z4 4% 1375
Crack-long N EIEAEE 1607
Crack-trans 1 [ S 4% 464
pothole il 1777

3.2. RWIFFE SRR
YIZALE Y YOLOL In.pt, EER ] 640 x 640, epoch 4 300 %, batch Jy 16, 1tk SGD, H
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Table 2. Experimental environment
2. IR

e ZH
RGNS Windows11
CPU AMD Ryzen9 7945HX
GPU NVIDIA GeForce RTX 4060 Laptop
GPU KB A 546.30
GPU Jinid CUDA 12.3
mE Python 3.10.15

YIGRAESE PyTorch 2.2.1

3.3. iR
AL 3% F RS A FE (Precision) 44 [A] 2 (Recall). ~T-#47#% & 411 (mean average precision, mAP). Z#(&
(Parameters). A2 IKTF 18550 GFLOPs AIEEFD AL Hirlyi$(frames per second, FPS)EARA 2 un=(1)~

(@ FR:
Precision = P (1)
TP + FP
Recall = — 0 )
TP+FN
1
AP = [P(r)dr 3)
0
" AP,
mAP = 2.-A% 4)
n

Recall F/m BN IERHIR A B ARG & A R G g Eed], Hodr, TP AR IR 500 ) IEAE A
BH, FPACKRMREZTRM A AR AR H o Precision 2B IERARAIA H AR5 & BrA R A H
PRFIGIRILLE], Hoh PN SRR IEM H s stk HARIAN 4. AP 25T P-R IZRHIF 5y, B h 28 59\ AL b
BT R THAR . mAP AT SRS (IME, n RoRBEERIMEE, ACH n =4, mAPO.5 /&5
ToU BIE N 0.5 B mAP, FZFH T &AL H AR IR 36E JT

34. GERIHT

LR IGAIE, St MR AL AR LB AR > (GFLOPs M 6.3 15 6.4) I IL T, HEFMEE B &R+
(FPS M 97.8 #4925 113.3), iXEH, @it 5] N\ EIEStem b, MRV AR FHEH 7 5%
Ak Precision M 0.840 $2TF 4% 0.850, Recall M 0.796 $2T+ 2 0.838, mAP0.5 M 0.839 27 % 0.854, 1A
T BRI HBRAS I AE F7 A I 5 . BUARSK T, Crack-alligator 255 1 & Wi 46 b5 2404 /Mg T, Precision.
Recall 7 B4 711 0.1%, mAP0.5 M 0.912 $-£7H2 0.913, HiHiZEH1ERE C3E EIR; Crack-long 2451 %%
Tife b th A /MEHETE, mAP0.5S BEK 0.8%, BADHZRBIRHE I RILRE St —2iAk; Crack-trans J85i
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FIIE 2 2, Precision M 0.705 $2FFZ 0.741, Recall M 0.638 $27+Z 0.745, mAP0.5 M 0.721 &7+ &
0.766, 8] FRILTF I HIE 16.8%, PG5 Y EIEStem FEH7E - BUZ S il i 10 A0 2 [R) 45 12 5 T o
I Pothole Z5 71 (1) Precision W& T FE(M 0.888 £ 42 0.884), 1H Recall &t 2 TH(M 0.829 1 % 0.878),
% mAP0.5 M 0.857 $2 T+ % 0.864, FIL AR S T3k 2 Hbr. SRS, ook 5 A A
P T HEREIIMT I, JUILAE Crack-trans 2031 AR T 44 [0 364N 2 14D ) AL, [ o L 3 AREAG 0 14
[ SEBL 7 AR P, SRIREE Rk 3 R

Table 3. Analysis of the model before and after improvement

= 3. REGHRIE N

25 Precision (2§33 fi — 25ttt J5) Recall (250t iy — 25tidt J5) mAPO.5 (Bt ai — 2ot J5)
Crack-alligator 0.913—0.915 0.867—0.868 0.912—0.913
Crack-long 0.856—0.861 0.848—0.859 0.864—0.872
Crack-trans 0.705—0.741 0.638—0.745 0.721—0.766
Pothole 0.888—0.884 0.829—0.878 0.857—0.864
FEIMAE 0.840—0.850 0.796—0.838 0.839—-0.854

DR NI UF 7S S SV A T e A U SR ) IR, A SO ik S5 1Y YOLO11 Rk 5464 B
PRI V% Faster-RCNN BB YOLO £ 41 £ AN R A(YOLOv7tiny. YOLOVS 5 YOLO1 )T T R%:
LG, 4R 4 FivR.

Table 4. Comparative experiment analysis

= 4. FHEESEIE R

Jiik mAPO0.5 Parameters/10° FPS GFLOPs
Faster R-CNN 0.727 137.1 21 370
YOLOv7tiny 0.826 6.0 109 13.2
YOLOv8 0.831 3.0 103 8.2
YOLOL11 0.839 2.58 97.8 6.3
Hudt YOLO11 0.854 2.53 113.3 6.4

SEUR AR R, B S YOLOL1 76 mAPO.5 A1 FPS WISt fa br 45 e I it B 240 5%, M TP
PLE S, B SEIl T AN FRREE 4R TE, RB27E mAPO.S |, M T WM B4 % Faster-RCNN $215
T 127 AEr s, HFPS IVARERT. 5 YOLO RYIGVEALL, ASCHre  FI5EAE mAPO.5 7l
T 280230 LSANE AL, RE TSR YOLOL1 B3N, (B REA 1.5 AN E 2 ATt
R ZEVEENEE SRR N G T RIG-FAF . 25 LFTR, SO0 YOLO1! BUETEREE . BB I J
RS B 7T, RO T T HAb xS e SRR MERE, 7R BRI BRI 2 b, B v K ELRE R R S
M, BA R LFSEBR N I FAME .

B BV VT A SO O SRR RS, X YOLO11 52 30 etk Jm i Sk A MR 2B 4G 45 B kAT
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Figure 3. Road surface defect detection results
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