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MAS-YOLOv8n road damage detection algorithm
from the perspective of drones
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Abstract: To address the detection challenges posed by the complex backgrounds and significant variations in
target scales in road damage images captured from drone aerial perspectives, a road damage detection method
called MAS-YOLOvV8n, incorporating a multi-branch hybrid attention mechanism, is proposed. Firstly, to address the
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problem of the residual structure in the YOLOv8n model being prone to interference, resulting in information loss, a
multi-branch mixed attention (MBMA) mechanism is introduced. This MBMA structure is integrated into the C2f
structure, strengthening the feature representation capabilities. It not only captures richer feature information but
also reduces the impact of noise on the detection results. Secondly, to address the issue of poor detection
performance resulting from significant variations in road damage morphologies, the TaskAlignedAssigner label
assignment algorithm used in the YOLOv8n model is improved by utilizing ShapeloU (shape-intersection over
union), making it more suitable for targets with diverse shapes and further enhancing detection accuracy.
Experimental evaluations of the MAS-YOLOv8n model on the China-Drone dataset of road damages captured by
drones reveal that compared to the baseline YOLOv8n model, our model achieves a 3.1% increase in mean
average precision (MAP) without incurring additional computational costs. To further validate the model's
generalizability, tests on the RDD2022_Chinese and RDD2022_Japanese datasets also demonstrate improved
accuracy. Compared to YOLOv5n, YOLOv8n, YOLOv10n, GOLD-YOLO, Faster-RCNN, TOOD, RTMDet-Tiny, and
RT-DETR, our model exhibits superior detection accuracy and performance, showcasing its robust generalization

capabilities.

Keywords: damage detection; YOLOv8n; attention mechanism; label allocation algorithm
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Flhhy, wAG T FESHERRRRAE , 7540k R gk e
i AR B H A5 14 52 BROE AR A E o BE R IR
(distance™) M5 ELHE (14 TR XoF FUI0ALE Hh 00 a5 A D
ZEPATINAEST], XA RIMEAE ToU AR TS, B
AR 25 SRR TR AE 25 32 B TR 2 . IEARTES
TR (70 of FHUIAE FI1 L SEAE FE 56 B R o I 114 2 S
ATAEST, HF — 20 HE 2 00 DU AE ) 1 S5 AE A T AR S 4
ShapeloU MY ZER T ToU, B EEARTUHIE AR AL
T, SONUE T WNAE B SCHER S R, 0%
BT EATEIRIR E A —FPE . ShapeloU Jr ki il 7]
AN A F AR SR, BRASEE AN [FE AR AN
REEM Bbr. B, 205808 R S RIIEAS B i TE

ARFFAL, FIH ShapeloU X 47 45 43 BL o ik 047 i i2F
WREHE— AR R RIPRTE

3 LWL

3.1 HiR&ENA

AR SR A A 1138 3 452 0 (RUAR $ 4 %0 China-
Drone'™, ZAE 876 h 5 2144 03 (1) 2 Fl ik 5 5
th T AR IR, A 2396 RS, 5 Fb
R, W T BON AT R E R, A BT
PR AL T SR RS M . K Ah, A RDD2022_
Japanese fll RDD2022 Chinese % #& 4 XF 5% £ 1) i
TERE ST HEATIAE . 4 1 vl TR TS,
Di R BIREGI AL 6 7R o Ja SCh Rk 5, FK

F S E SR e

Table 1 Dataset road damage details

Damage type Detail Class name Number of China-Drone Number of dataset1 Number of dataset2
Longitudinal crack D00 1426 3995 2678
Crack Lateral crack D10 1263 3979 1096
Alligator crack D20 293 6199 641
Rutting, bump, pothole,
) D40 86 2243 235
separation
Other corruption Crosswalk blur D43 — 736 —
White line blur D44 — 3995 —
Manhole cover D50 — 3553 —
Special signs
Repair Repair 769 — 277

D20 D40

D50 Repair

B 6 HEIAEIR LA

Fig. 6 Examples of road damage types

240170-7


https://doi.org/10.12086/oee.2024.240170

T, 45, S TR, 2024, 51(10): 240170

https://doi.org/10.12086/0ee.2024.240170

RDD2022 Japanese M%{#a4E 1, RDD2022 Chinese i
Hlatk 2.

3.2 LIIME

A S {f ] PyTorch 1.13.1 HE 4245 7 j 45 455 41
AR SRk b, SEARRECh 150 1k, R
(batch size) B 7 16 MHEA, 27 : 1 : 2 LB BEHLR
SPRARAR, SRR E AN 2 PR

A2 FIRIRBAE
Table 2 Experimental environment configuration

Category Environment condition
CPU AMD Ryzen 7 5800X 8-Core Processor
GPU NVIDIA GeForce RTX 3060
Graphics memory 12G

Operating system Ubuntu 22.04

CUDA version CUDA 12.0

Scripting language Python

3.3 RETfhIERR

h T VAN BGHSAE ERE , A G SRS
P FERR ARSI mAP (mean average precision),
AP FEUERGR (precision, P) A4 M2 (recall, R) <k
TETR, mAP 4250 AP (9P IEAFT, mAP
R R A AURG BB R s USRI SR | TR
(GFLOPS) F1 5% 1 {4 R A Sy £5 B 4 6E 19 3F 4 458
br, BIRIZEE | THR R AR, W
FACHBRAR ; FPS (BERPIWIAR, RIEERD P AT LAAL 3L
L i) AR PR 545, FPS R 18 A G )
JE R
3.4 WEERWERS S

3.4.1 XFHLEEER
N VARG Bt JE R A PERE , JEIC YOLO %

FI iz YA YOLOVSn, JEZERIRI YOLOVSn, £l
i) Faster-RCNN #& 1 * 45 37 f) YOLOv10n % 54 |
GOLD-YOLO #i % ™ TOOD # % * fI RTMDet-
Tiny #7927 DL I Transformer 2244 1) B ArAG
BB RT-DETR™, 55 4% SCob itk Ji 455 80 1k 47 % L
SIEGEE RN 3 FR

M IR FRAE PRI DL Y, AR SORE R AE A TUHS B
(mAP@O.5) FIBEHYGOR Ty T I T sl i Mg
XF AR, YOLOvSn, GOLD-YOLO, Faster-RCNN
TOOD. RT-DETR # | ¥ & #H & , 1 YOLOv5n,
YOLOv10n I RTMDet-Tiny 46 I k5 B A1 %F 4% 1% .
Faster-RCNN A ¥ B BERS I e, 4G RS B 4 i {E 3
A 7R B/ N HRR KN RE 118825 . TOOD FIHZ
TR AHLHI AT AR, SHE SR — A B ik
W25 A, R AR AE e B v . SE AR 2%
YOLOv5n, YOLOv8n., YOLOv10n, GOLD-YOLO
i YOLO R AVEH I IRAS , 25 [T S5 P A
g, BEI WS, X FERRGX IS L
A T 20 B bR B K, H YOLOvSn,
YOLOV10 & 4% AR I B ) AN AR e, EARSCEL
P SR I R 2 . AR SR AR R MAS-YOLOV8n
AT MBMA B3, BEUSFEAN A Y23 (M & | 38 iE
SCRAIEZERE LRI ZREAR I S B, iR T RAE 3
HRE AT /N HARB DGR, RIEhE S 2 A 3k
(LA, WD T B3 TR AT R oI ) i 25 FTge
SN WAL, SOHE R BRREE S B L A AL
BAEHUR, PSR m AR A, AERIIAE B
J7IE, AN SCRLAYYE China-Drone 5045 45 AR S A
mAP iAE] 71.6%, X LR mAP 5 5 ) TOOD
Fi 2.6%, HRELHR YOLOVS 215 1 3.1%., 155
PEEE 1 LA SRR mAP ik 5] 67.3%, 5% AR AL

%3 A EhuR

Table 3 Comparative experimental results

China-Drone Dataset1 Dataset2
Model Parameter/M Model volume/MB
mAP@0.5/% mAP@0.5/% mAP@0.5/%
YOLOv5n 64.7 64.0 92.2 25 5.03
YOLOv8n 68.5 64.7 93.6 3.0 5.96
YOLOv10n 62.4 61.8 91.4 2.7 5.51
GOLD-YOLO 66.1 65.9 94.5 7.2 11.99
Faster-RCNN 67.8 66.4 94.7 34.6 310.24
TOOD 69.0 65.6 94.9 28.3 243.95
RTMDet-Tiny 65.6 64.1 93.0 44 77.76
RT-DETR 68.2 67.2 87.5 20.0 308
MAS-YOLOvV8n 71.6 67.3 95.3 3.2 5.96
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mAP % & ) RT-DETR AT, LR YOLOvVS
AT 2.6%. FEEYEE 2 LA CHA mAP ik 5]
95.3%, X H BRI mAP 5 ) TOOD = i 0.4%,
FL IR YOLOVS #2151 T 1.7%. FEH 8N i,
FH L T REL A YOLOVSn 28N T 02 M, Jf
B RGeS, TR AR T YOLOVSn
AYOLOV10, i |, A C#iA MAS-YOLOv8n #4527
R LA TR AEASHIRS B 7 T A i, IR R
RIS TFRY, BUS T 5 BRI BE o
3.4.2 REER

T U B AR SO AR R R o 2 0 o A P
Xt YOLOv8n 1A SCAR AU 7 China-Drone %5 #i5 52 46 il
JE A% B AR VB HE R T T, IRVBHERESE AN 7.
8 IR o A SCITRVEHE R 5%5 MM, B—FIR
Fe—FhE G, B—ATAR—FPHINZES], X ALk
B RN R E A S R L], PR AR VA
FERERL R — X R 7. B8 IR R,
B Ja— 47 R R A BB R R S AR [
1], Sk —17 Al R B I RS O, A AR A 2k
AU W B R A RS R AT SRR A LU 5], R AR
AR SRS DL X L IR IA R, RENS
S BUAR SR RV 0 e X 2k A RRAR LU 51 1
F YOLOvSn #E RUR WG 4 B, 4350 & 1 0.05. 0.03.
0.16. 0.02 F1 0.1, HASCEIANE G M MR i e —17
) RE A L 91 24 T YOLOVS B, 3 5| [ A 1
0.07. 0.02. 0.07. 0.01. 0.2, fEMEIE A SCHE AT
K, AERERTEAR, RBORES

Confusion matrix normalized

0.8
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D20 Rapair D40 Backgroud
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Fig. 7 'YOLOv8n confusion matrix

3.4.3 LR

R T RARA SRR REICR , HEHC T AL HAR
TUMRIME . AFAE T 40 S5 MR A I 25 S AR o ), dn
19 e MIEL9 55 1 50 n] LUE X TR %410 B
bR, XF LA S Faster-RCNN, YOLOvS8n A< 3¢
FERIANER B EE A B, 1 MAS-YOLOV8n Xt |2
A BB RE TR, R IASCRE ER, XA
THANBAVERAE I WA 2 SIRTLIE R, X T
MELABE LAY TE 0005, X HEA R % GOLD-YOLO
YOLOvSn, RTMDet-Tiny FlAs S %1434 1 Bl &2
K W55 4, T GOLD-YOLO. YOLOVS il RTMDet-
Tiny BEAUKI H 93 BR824, HIXFIN, MAS-
YOLOv8n X H bR A A B B0, Al i B A3
SO, REREECN SR HIAE ARSI B bR S 3 %)
AT LAE S A E AR H AR TS O T,
YOLOv10, GOLD-YOLO #il RTMDet-Tiny £ il &% 5
Hh K A A A B S A K Sk B AR B L, T MAS-
YOLOv8n X HAR R AIAE 1 5, RIS T 4F 11X 43
A B A TE R SR DU E R AEFERTRE . TS
MaRS ST, HHKR/N, A B AR, B
YOLOv8, GOLD-YOLO, RT-DETR FlIA SCHEHI 7h1g
HPLAR K AR RS, 11 MAS-YOLOvS8n AE % 45 4 i ik
BRI R4, JFAR R s BRAES R, AT
SUERHASIN L F bR . 4563 3 XS E A 9 1Y
KRR GIRRAE I, A SORRAITE— e FR R s s
FER . IR, JF BAERIURG FE . TR R A
UR b T R I LR A RS, LT LA L XS LR,

Confusion matrix normalized
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Fig. 8 Confusion matrix of the model in this article
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3.5 HRXWERS S
3.5.1 HERAVUEA R HERAE

SRR IEAR SCHE S 1 7 AR A T A A A DA
B R, K MBMA B 55 L LR )
PLHITE SRS D E T AR, SEIRZE SR a4 4 iR
MBMA HEHAE = AN EE A L 04 V- 250K5 B 2508 3l ik
#]70.7% . 66.7% F1 94.8%, 5 SE. CMBA., CA
L, RORE BE A 5T . ] 10 Sy SEEG rh ol R AS )
BIHUHIRIN S T AT SE AL, AN ) i e,
F XS TRIRISC AR B, £ th sk i (RN S
RIERY X, A AR 8 ) 3R S T BRI A X B

PRAE IS

020 0.380.28 Bgpnen
020 0.37

D00 0.75

YOLOv5n

YOLOv8n
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D10 0.38%1n .55 7
DP00068 | | X
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) 0338 24 ty $
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* boyose

AT LA FRIE PR BOROR . il REAE 44 6 b T
DIE AT IHAEE LR, A MBMA B
FRABETR TT AE T 7R T AR A B, W B ERRAIE (8 DG B
BUOR, ARSI RNAN/NARIE, A4 R T A INACR .
3.5.2 HREA LR A BRI IE

WL AT A s L v = RE R i S T3/ Qi D o Gai A 1) =)
SEHAE AT XN, AR 11 s, [E 11(a) A1
L 11(b) 43 SRR T A48 43 B Bk ek i s 76 1 4k
AR AR L A mAP 8k . REHEE 1, R
ShapeloU & M bR 28 HIL I, B IR0 I (B AR T J5i 4 2
AR, X EZEH FHEBIG R A&,

Faster-RCNN

o 0048

TOOD

RTMDet-Tiny

RT-DETR

D20 0.33"  ponsee
D40 0.91

D00 0.73

GOLD-YOLO ARG
B9 A RTs
Fig. 9 Example of detection results
A4 EENIHIELER
Table 4 Verification results of attention mechanism
. . China-Drone Dataset1 Dataset2
Attention mechanism Parameter/M
mAP@0.5/% mAP@0.5/% mAP@0.5/%
— 68.5 64.7 93.6 3.0
SE 69.1 64.1 93.5 3.1
CMBA 67.4 65.5 94.5 3.2
CA 68.8 65.7 94.5 3.2
MBMA 70.7 66.7 94.8 3.2
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.

MBMA

B 10 & AW T AU T B

Fig. 10 Heat map of visual features of attention mechanism
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MBMA B BE58 T RRAE M U FI ke 0y,
RENTHEREFEWER, 7E=AR 8% -,
mAP IR E T 2.2% . 2% 1 1.2%. 1EiHEAARM T
I, A2 SHERINT 0.2 M, TR MRk
TS K20k, 360 MBMA #EER 154 K iR 1
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Fig. 11 Experimental results before and after improvement of the label allocation algorithm. (a) Comparison of Loss value changes;
(b) Comparison of mAP changes

A5 HakEBuR
Table 5 Results of the ablation experiment
Model China-Drone Dataset1 Dataset2 b ter/M GFLOPS Mods! vol MB EPS
odel arameter. odel volume,
mAP@0.5/% mAP@0.5/% mAP@0.5/%

YOLOv8n 68.5 64.7 93.6 3.0 8.1 5.96 137

2 +MBMA 70.7 66.7 94.8 3.2 8.1 5.96 116
3 +ShapeloU 70.9 67.0 95.0 3.0 8.1 5.96 135
4 MAS-YOLOv8n 71.6 67.3 95.3 3.2 8.1 5.96 114
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MAS-YOLOv8n road damage detection algorithm
from the perspective of drones

Wang Xiaoyanl, Wang Xiyuz, Li ]ie3*, Liang Wenhui’, Mou ]ianhongz, Bi Churan'
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Multi branch hybrid attention mechanism (MBMA module) structure

Overview: Drones, with their capabilities of rapid movement and agile flight, can scan and inspect large road areas
within a short period and have now been applied to the field of road inspection. Compared to traditional manual
inspections, drone-based road damage detection significantly enhances detection efficiency. From the perspective of
drones, road damage images have complex backgrounds and significant differences in target scales, which makes feature
extraction difficult and detection results unsatisfactory. In response to the above issues, this article has improved the
YOLOvV8n model and proposed a road damage detection model MAS-YOLOvS8n that integrates a multi-branch hybrid
attention mechanism. Among them, a multi-branch hybrid attention mechanism (MBMA module) is proposed to solve
the problem of residual structures being easily affected by noise interference and loss of details. This module is used to
modify the C2f structure in YOLOv8. The MBMA module processes input features through multiple branches, each
focusing on different feature dimensions (height, width, and channel), enabling a more comprehensive capture of
feature information. At the same time, utilizing a multi-head attention mechanism allows the model to focus on
different parts of the input data through multiple independent attention heads, enabling the model to capture more
diverse information in different spatial positions, channels, or feature dimensions. It can also reduce the bias and noise
effects that may be caused by single-head attention, capture richer feature representations, and improve the robustness
of the module. In addition, ShapeloU is introduced to address the characteristics of large morphological differences and
the high probability of small targets appearing in road damage images. ShapeloU improves the task-aligned assistant
label assignment algorithm by introducing scale factors and shape-related weights, taking into account the shape and
scale of bounding boxes. This enhances the matching accuracy between predicted and real boxes in object detection,
making it more suitable for targets with variable shapes and further improving the detection performance of the model.
The MAS-YOLOv8n model was tested on the Chinese drone road damage dataset captured by drones. Compared with
the baseline model YOLOvV8n, our model has improved the average accuracy by 3.1%, with almost no additional
computational cost. To further verify the generality of the model, experiments were conducted on two datasets,
RDD2022_China and RDD2022_Japanese, to improve accuracy. Compared with YOLOv5n, YOLOv8n, YOLOv10n,
GOLD YOLO, Faster RCNN, TOOD, RTMDet Tiny, and RT-DETR, the model proposed in this paper has higher
detection accuracy and better performance, proving its good generalization ability.
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