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YOLOv8n road defect detection algorithm based on
edge feature enhancement

Cao Hongbo An Weisheng Liang Haipeng Lin Qiang
(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: Road surface defects impact traffic safety, road durability, and driving comfort. To address the low detection
accuracy of complex features such as cracks and potholes in existing methods, this paper proposes YOLOv8n-Edge—a
road defect detection algorithm based on YOLOv8n with enhanced edge features. RFAConv is integrated into the
backbone to enlarge the receptive field while avoiding kernel parameter sharing. An Edge Enhance Conv module is
introduced to fuse high-frequency details with the input, reinforcing feature representation. Additionally, the Manet-
Star structure, combining Manet and Starnet, replaces parts of the C2f module to boost feature extraction. A shallow-
layer auxiliary branch, Sub-GEIM, generates multi-scale edge features that are fused with corresponding detection
heads to improve localization accuracy. Experimental results show that YOLOv8n-Edge achieves a mAP@50 of 72. 1%
on the preprocessed RDD2022 dataset—an improvement of 3.3% over the baseline—while only slightly increasing
model complexity. Its effectiveness is further validated through generalization and comparative experiments.
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[ C2f 45 ER IR AT R4 S 6, M IMT 328 1R J5c A s R e v
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C2f ZEFI B, r AT T 8 AR B 1 C2f 45 4 5

% 1 Manet-Star /A [ i & 256 33 £

Table 1 Comparison of Manet-Star at different positions
. mAP50/ mAP50-95/ Params/ GELOPS
% % 10°
e 357 68. 8 40.5 3.07 8.2
B-128 69. 4 40. 8 3.08 8.4
B-256 70.0 41.2 3.08 8.3
B-512 69. 4 40.7 3.09 8.2
B-1024 70. 4 41.7 3.23 8.2
N-1-512 68.5 40. 2 3.13 8.4
N-256 68. 6 40. 4 3.08 8.2
N-2-512 68. 6 40. 3 3.13 8.4
N-1024 68.9 40. 7 3. 30 8.4

M1 ] DA ZE R R B Manet-Star 2
C2f 549, 5 A M PR T8 FR 25 SR ) & AR A i e 28 , Ho 7
ERECE- T P E S R S CE L LR 18V E
AR AT F Manet-Star 45 44 76 25350 90 £ w1 5 e 4 A

TEE T R4, B B-256 AR C2f, R e 2 5 A
Th R, T AR S mAP@50 #2555 1. 5% ,mAP@50-
95 W 1% B B-1024 4bfY Cof, a7 K T S 40 . 1
EEREREE FT L mAP@S0 425 1. 9% . mAP@50-
95 $55 1. 5% . M T BT M4 HAl Caf 25+ 1Y £ 4 B
A AR, BRI Manet-Star 8 T 9 2% o 58 i 4k F
Sy 256 Fl 1024C21f G548 fe A3, A AN 38 9 28 1) 4 A £ X
AE 1, B A &3 K £ /)2 80 Fi s
3.5 HBLSI

TR UE AR A B e 4 ek B b, T
YOLOvS M RIMESE T TIH Ml s g% . T A S5 50 35 76 A
R SRR IR MBS 8 N it EEME T
AL 4G YOLOvVSn FERRAR Y, DL K fiff FAS [R) g i 5 s
AP E A AL . YOLOv8n-E (fifi il Edge Enhance Conv 5 B
Bk 2 EFE) . YOLOv8n-R(ffi il REAConv & 48 T
W 2% AR B R ZE #) L YOLOv8n-M (1E backbone M 4
Ab S A 4L B S 128 B9 3 R I Sub-GEIM 43 32 B B
5 neck M4 . YOLOvSn-MS(fifi ] Manet-Star %
backbone H @ EHCH 256 F1 1 024 BY C2f fil) , DL KA &
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X LB IE R 1 4% A 3R B (YOLOvSn-EM, YOLOvSn-
EMS. YOLOv8n-RM. YOLOv8n-RMS. YOLOv8n-MMS,

YOLOv8n-EMMS, YOLOv8n-RMMS, YOLOv8n-Edge) »
HAR S 45 Rk 2 s .

R2 HRBZEXE

Table 2 Ablation experiment comparison

T Y mAP50/ % mAP50-95/ % Params/10° GFLOPs P/% R/%
YOLOv8n 68. 8 40.5 3.07 8.2 70. 1 61.7
YOLOv8n-E 69. 9 41. 4 3.05 8.4 72.8 62.3
YOLOv8n-R 69.7 41. 0 3.10 8.3 70. 8 62.1
YOLOv8n-M 70. 3 41.3 3.34 8.8 72.0 63.0
YOLOv8n-MS 70. 7 42.0 3.20 8.4 73.1 63. 4
YOLOv8n-EM 70.5 41.9 3.30 8.9 72.8 62.7
YOLOv8n-EMS 71. 0 41.5 3.20 8.4 72.5 62. 9
YOLOv8n-RM 69. 9 41.6 3.35 8.8 72.9 62.6
YOLOv8n-RMS 70.5 41.7 3.22 8.4 72.7 64.0
YOLOv8n-MMS 71.3 42.0 3.48 8.9 72.3 65.3
YOLOv8n-EMMS 71.7 42. 4 3. 46 9.0 72. 4 65.5
YOLOv8n-RMMS 71.5 42.6 3.50 9.0 72.2 65.1
YOLOv8n-Edge 72.1 43.0 3.50 9.1 72.0 65.7
o 2 BARVSCG 25 B0 be e, £ TIUPE A 48 A 4 PR R K .

GhRiCr i 0, LR R A T ARTET
YOLOvSn #£ i} By YOLOv8n-Edge # & B A& 1L 7 25 &
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WO RN 257 SR MY TR B S0, 1 B AE mAP@
50 #5 bR LA —E iR . Al B 1.1%.0. 9% 1 H
Manet-Star £ # backbone H1il iR 256 F1 1024 Y C2f
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@50-95 A% 4 [ % AR REIL B4 7 0L 55 B9 46 4%, 43 301
B 1.9%.1.5%.3. 0% . 1. 7%, [RIRE, A 3o 81 57 v 41
Y Sub-GEIM 4y 37 88 He 5 3t 15 B W 2% 76 L iR 45 #5
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SR AL AR TR A A e DA et o 45, ] DL R B2
Manet-Star #1 Sub-GEIM 43 % %11 # YOLOv8n-MMS
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49,8 YOLOvSn JE R R A 46 I 45 S HLAT B KA Tt

SR RS 8 2 AR R A S8 T A S 4R
YOLOv8n-Edge % 5 7E 1 5if 488 K T J5 100 09 25 & 7 fE W
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FERE L RGO A I R 1 f 2 T B R, 4R AR RE % 0 2 S
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FREUR 2 TE A IINAE 45 b, YOLOv8n-Edge Vi 8 4 J& #6 il
SR A BRI T RS B A A B T A R A ] B AG DU 2
ARG, &5 LAY 45 SR s e L YOLOv8n-Edge fiE
% D00 9 B 0 R AR Y KB B BRUE T 5% % 4 S DL R
FFREAE P45 BRI A S0, B YOLOvSn #E A  5
SR A B ), BN S T LS s R
3.7 AEEBEREITLE

g T W UEA SCHR A YOLOv8n-Edge 8015 A A0 B H:
YT EREEMIET YOLOvS i i i £ s, &
W B AR A ST ¥ B A YOLOv5n™ | YOLOv10n,
YOLOv10s™ . YOLOvI1n™" , 4 3¢ ¥ o b 45 Y . X {15 =2
N A EDG-YOLO M & 5 %7 3 89 DB-YOLO_
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(b) YOLOV8n AR (c) YOLOv8n-Edgefr i 45 5

(a) R (d) YOLOvSn#i /3 & (e) YOLOv8n-Edge# /1 &
(a) Origin image (b) Result of YOLOv8n  (c) Result of YOLOv8n-Edge (d) Heatmap of YOLOv8n (¢) Heatmap of YOLOv8n-Edge
B8 AL
Fig. 8 Visualization results
R3 FREEBI LT
Table 3 Comparison experiments with different models

e mAP50/ % mAP50-95/ % Params/10° GFLOPs P/% R/ %
YOLOv5n 66. 8 38.5 2.50 7.1 69. 0 61.0
YOLOv8n 68. 8 40. 5 3.07 8.2 70.1 61.7
YOLOv10n 67.5 39.7 2.26 6.5 69. 0 60. 1
YOLOv10s 71.0 42. 6 7.22 21.4 72.0 63.3
YOLOvlln 68.7 40. 5 2. 60 6.3 70. 6 62.5
DB-YOLO_v8n 71.7 41.6 3.43 10. 8 71.0 64.1
EDG-YOLO 69.5 41.0 2.10 4.3 70.5 62.1
YOLOv8n-Edge 72.1 43.0 3.50 9.1 72.0 65.7

BRI BT WA YOLO K 5 A Fn 48 28 o ik
HERLT | B AR S2EE A X Sub-GEIM M3 & i 18 S0 .
THE WA BN HR T A B O RS B AE T
Sy, N AR A5 A PR 8 bR L R HE Ok B G T
SR T A AR R Y, T X S B K B YOLOv10s
RRAY R SCHE MR B vk B A AR LB B A 1Y
AR 68 AL 0k BT — R 0 B AL A A TR e

5 DB-YOLO_v8n # M X, YOLOv8n-Edge #) 4%
AT (9 1 BB B A SR 30 gl D30 A A 5 1 SR OB T ) 4% B2 MR
GRREAR B 7T R 55 I 43 S 1R T DA B G 2R AE
5 B 5 ZOR S T 5 A2 2% A A R R A T LA 0 19
25 SRARL T A4 R R

A, A0 B T £ F YOLOvSn #% 4 1k i% it B9 EDG-
YOLO R, A SCHE H 9 55 25 7E 45 Tl m AP, Precision, Recall
Tobr 3 R B B AR, X — L BE T Manet 5
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Starblocks %54 ¥ i) Manet-Star 45 #4253 C2f #idk, fig
SR TR AR BRI HER PR . TR A R B Sub-GEIM 3% ¥ i41
GAT L NEREM AP RERRE. RERESHGE
S TN (D AR R R i 2R A P RE
3.8 ZHMXE

TR B Az AL AE 1. Xt SVRDDY $ s 4 4 18
Ab 3 RDD2022 4 48 (14 77 vk A1 AE 19 7 47 38 BY $4F 55 Ak
LA Bl R R W A . T YOLOv8n Al
YOLOv8n-Edge Xf iR B4l 45 iE 47 % bb i 4, B4 25 51
# 4 PR,

MF B STER2E A, R B SVRDD # s 4 L
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Table 4 Generalization experiment
iwidl mAP50/ % mAP50-95/ % Params/10° GFLOPs P/ % R/%
YOLOv8n 75.0 47.2 3.07 8.2 76. 8 66. 6
YOLOv8n-Edge 76. 1 48. 8 3.51 9.1 77.1 67.1
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