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population and the increase in the number of motor vehicles, road facilities are facing great pressure. Road surface defects,
such as cracks and potholes, are prone to occur under the action of multiple factors such as frequent vehicle crushing and
climate change. These defects not only affect driving comfort but also potentially pose serious traffic safety risks. Pavement
defect detection is an important part of road maintenance and management and is related to traffic safety and road service
life. Traditional pavement defect detection methods have disadvantages such as low efficiency, poor security, strong sub-
jectivity, and insufficient accuracy. The development of computer technology and artificial intelligence has encouraged
researchers to apply machine vision and deep learning technology to pavement defect detection, which greatly improved the
performance and efficiency of pavement defect detection. However, due to the large amount of parameters and calculation,
the traditional deep learning model has difficulty meeting the real-time detection requirements on embedded devices and
edge devices with limited hardware resources. This complexity limits the promotion and application of deep learning tech-
nology in the field of road defect detection. This study aims to reduce the computational resource requirements and optimize
the target detection performance of the pavement defect detection algorithm. Based on the YOLOvS8 (you only look once ver-
sion 8) object detection framework , along with partial convolution and inception depthwise convolution mechanism, a light-
weight pavement defect detection algorithm called YOLOv8n-PIVI is proposed. Method First, the PartialBlock module and
IDBlock (inception depthwise block ) module are introduced into the backbone network to reduce the number of parameters
of the backbone network and improve the processing capability of the network for features of different scales. While intro-
ducing the lightweight advantage of partial convolution, the PartialBlock module also supplements the 1 X 1 convolution to
extract the overall information and arrange features. This convolution not only makes up for the lack of feature analysis
capability of partial convolution to a certain extent but also helps partial convolution learn a more effective spatial feature
extraction method. The IDBlock module inherits the advantages of partial lightweight and deeper feature analysis of incep-
tion depthwise convolution, and it performs a more comprehensive analysis of features at a smaller cost through the tradi-
tional 1 X 1 convolution. In addition, PartialBlock module and IDBlock module contain a MaxPool module in the tail to
expand the receptive field of network features and reduce the number of network parameters. The organic combination of
the PartialBlock module and the IDBlock module helps reduce the number of backbone network parameters and optimize
the feature extraction capability of the backbone network. Second, inspired by the excellent feature parsing capability and
the applicability in resource-constrained scenarios of VanillaNet, we introduce VanillaBlock, which is the core module of
VanillaNet, into the feature fusion network of YOLOv8n. This incorporation aims to optimize the feature fusion capability
of the model and reduce the computational burden of the model. Finally, the inception depthwise convolution module with
low overhead and multi-scale feature parsing capability is introduced to replace the two series 3 X 3 convolutions in the origi-
nal detection head by combining the 1 X 1 convolution with low overhead. This way reduces the computational cost of the
detection head and improves its parsing capability of different scale features. A more lightweight and efficient ID-Detect
(inception depthwise detect) is proposed to make the detection head lighter and further improve the performance of the
detection head. Result The comparison and ablation experiments are conducted on the Pothole Dataset, which consists of
1 784 still images taken by vehicle-mounted cameras and other mobile devices. The dataset is divided into a training set
(1265 images) , a validation set (401 images) , and a test set (118 images) with an 11:3:1 ratio. To verify the effective-
ness of the improved model in optimizing the pavement defect detection effect, the improved model is compared with some
classical algorithms in the field of object detection, including Centernet, RetinaNet, Faster R-CNN (faster region-based
convolutional neural networks) , SSD (single shot multibox detector) , Efficientdet, and YOLOvS. Experimental results
show that the Precision and Recall of the optimization algorithm proposed in this study are improved to a certain extent com-
pared with the baseline, and the mAP50 (mean average precision at 50% intersection over union) reaches 0. 55. Itis 3.5
percentage points higher than 0. 515 of the baseline algorithm. The FPS (frames per second) reaches 243, which is 43
higher than the baseline algorithm. The parameter number of the model is reduced from 3. 01 x 10° to 2. 01 x 10°, which is
only 67% of the baseline. The calculation amount is reduced from 8. 1 GFLOPs (giga floating point of operations per sec-
ond) to 5.9 GFLOPs, which is only 72% of the baseline. The model parameter file is reduced from 6.3 MB to 4.3 MB,
and the memory occupation is decreased by nearly one-third compared with the original model. Compared with the classical

algorithms in the field of object detection, the proposed algorithm has certain advantages in detection accuracy, computa-
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tional complexity, and FPS compared with other algorithms in the model of the same parameter magnitude. In the ablation
experiment, the PartialBlock module, IDBlock module, VanillaBlock module, and ID-Detect module introduced in this
study are individually added to the baseline model and removed from the final model. The effectiveness of the modules
introduced in this study in improving the performance of the baseline algorithm for pavement defect detection is verified. In
the subsequent comparative analysis, the improvement of the optimization algorithm proposed in this study compared with
the baseline algorithm in pavement defect detection performance is shown in a more detailed and intuitive way through the
comparison of experimental result index parameters, the comparison of training process index changes, and the comparison
of pavement pothole detection effects. Subsequently, we also design experiments to roughly simulate the performance of the
pavement defect detection algorithm proposed in this study in the actual situation, and the shortcomings of the algorithm are
analyzed. In addition, we compare the proposed algorithm and the baseline algorithm on the RDD2022 (road damage detec-
tor 2022 —China-MotorBike) dataset and VOC2012 (visual object classes 2012) dataset to analyze the robustness of the
algorithm. Experimental results show that the proposed algorithm can adapt to the multi-type road defect detection tasks in
China on the RDD2022—China-MotorBike dataset and the multi-class daily object detection tasks on the VOC2012 dataset.
Meanwhile, it shows better object detection performance than the baseline model. Therefore, the proposed algorithm can
adapt to different object detection tasks, has good adaptability and robustness, and is expected to be applicable to highly
complex and diverse road defect detection scenarios. Conclusion The comprehensive experimental results show that the
optimized algorithm YOLOv8n-PIVI proposed in this study can achieve high object detection performance with lightweight
computing resource requirements. The model parameter file size is as low as 4. 3 MB. The algorithm also has good adapt-
ability and robustness, which help reduce the application limitation of road defect detection algorithms and broaden the
applicable scene of pavement defect detection systems.

Key words: defect detection; pavement defect detection; YOLOv8; lightweight model; partial convolution; inception dep-
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HxWxCl4

DWConv2d
3% 3
S ——
Hx W x

T

Q
=

Split H x W x Cl4 ﬁ
DWConv2d
1 x1
—>  —
HxWxC HxWxC
LIS e Hith
Hx W x Cl4 Hx W= Cl4
DWConde/
1x11
> -
Hx W x Cl4 H % W x Cl4

5 IDConv/REEIA]
Fig. 5 Schematic diagram of IDConv
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T, BFEK
ZEMAEREMHRESHRNES R ERIEENE

Inception (Szegedy % , 2016 ) B H 1) 22 R 4 FL R
FR BE AT 43 85 45 B (depthwise separable convolu-
tion, DSC) (Liu 4§ ,2022) BT8GR A 5, i i X
77 2, IDConv ASTHR REAS 7 435 S 512 i 0 28 PERE Y
[, S B R A s RO BB B0t . 455 T IR
AL E AL 1D Cony 7E TR BTIRTT SK LA T4 48
B RS g Bt L A s AR g i
TEAH R, 44 WA B, kL C H R W 53 0 R 6 B
OR/IN T TR R B R R AN B R, A [ SR R A R
5 BTN 1 TR (Yu % ,2024) , th Rt
AR AR G RN IR 5 4 B S B AT 5
PR/ B IE I, A L Z T, IDCony 1 2 4k 5 Fil
RS ERLMECR; I, LS ERN S
5 TR A CCRE FE, TR EE 45 LA IDCony HY
SRR AR RN C BEMEXR XM
T IDConv 7RIS B IR T K LA T2 588 AP A
R R

ARICAE IDConv [ 2EA_F Y T IDBlock 5k, H:
ZER I 6 T o IDBlock (inception depthwise block)

®1 FRXBERNERE

Table 1 Complexity of different types of convolutions

BRIA i HHAR/FLOPs
conventional conv. BPC? 2K*C*HW
depthwise conv. KPC 2k°CHW
inception dep. conv. 2k +9)C/8 2k + 9)CHW/I4

BEHEH 141 x 1 Conv2d ., 14~ IDConv DA 2 14> Max-
Pool i S AL A A, B 4Gl 43 1 x 1 Conv2d 58 B)
A REAE B ORI JB 45, 4535 1D Conv X AFAE AT 2
JOBE VR AT, 1 X 1 Conv2d F1IDConv U454 B
T A TR o) AR 1 3 T 114 2 HE B A AT, 2 T e Ak A
RIRARAF FMTRE 7 , B0 Jm 4ead MaxPool 58 B 2RAF

AR IDBlock 7E 5] A IDConv §% 54k K Xf
SRR S TR N O S T e R (s IR |
Conv2d LL#/INAY 15 7 A0 H0 Bl IDConv 198 55 45 Y (1Y
T8 B R AR AR AT RE 7, I 38 1T MaxPool I /> S Y [F]
B AR AE $2 SR AZ BT, A7 B 10 A AR B 1) R AiF A
M e 1 I AR 3 R R R T oK

Concat )—.—}( MaxPool }—}

|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
!

516  1DBlock 4514
Fig. 6 Diagram of IDBlock structure

1.2.3  VanillaBlock # 1k

I Rl G DO 208 X AN [i] 1L P ke o A T BE AT
oy EEREENE O T 3R TR AN ) RO RRAE Y
Kl B8 7, JF 1 — 0 v e A AU B B R oK L
VanillaNet(Chen 4% ,2023a) 15| A4 @ 43400 Vanil-
laBlock 15 X SE L AR 1 R AE 5 X 28 A T AL

VanillaNet J& — i LA 8] 32 ORI N B 3%
THA P2 25 Bk L A0 1) B HL 2800, =T
AP B RE ] — 2 B A A 1 AR R B AR A A
TR IR A S J W I 28 25, 3 1 T 5 I
PR PR BE . VanillaNet 26 75 2 & 40 & 7 fr 7 (DA
VanillaNet-6 A 5] ) , X 2% 3= %2 1] 4324 Stem | Stage . Cls

3ANERSY L Stem K A B BB 445 T RAEH AR
T — B B AR . Z )5 TE Stage By BB i 24
Block BRI RHAEFEAT AT , Block BEHRZE A4 40 5] 8 iy
7N, EZH 1 x 1 Conv2d BN (batch normalization) .
Pooling & SIAF (series informed activation function)
(Chen 4% ,2023a) # . 1 x 1 Conv2d R fl FHL 1T
AE /N 3380 A X R AE R AT A AT O 5 il 18 7 46 5
BRI A 2 1) Pooling 25 A [ A5 1E 42 4 B4~ By
Bt Block RS2 2 )2 B — > Tl 1E &) 58 o
JE RSP 5 STAF WIS o v J2 I 28 e 1 B T A LT R
B, FLRE A% 10 AN 125 15 4 B E SR 1) 1 0 803
2RI AR LM RIRRE Ty L 3 S T T B RS2 BR A 2R
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56 x 56 x 512
1 x 1 Conv2d

28 x 28 x 1 024
1 x 1 Conv2d

224 x 224 x 3

Stem Stage

=) BN + Pooling + SIAF

7 %7 %4096
1 x 1 Conv2d

14 x 14 x 2 048
1 x 1 Conv2d 4096

Cls

7  VanillaNet 7~ 2 &
Fig. 7 Schematic diagram of VanillaNet

T8 RT3 R B SR A v Y v 3 B¢, SIAF 5 BN
(255 At AT DA — 25 DA N S R R T 190 26
fiE. frJoi i 7E Cls B BEXE 28 5 B AN By B Ak B )
FEOESEAT AR AT O 1 3 2R 45 51

VanillaNet 38 13 8] 197 2454, SCP T840
W2 B, HAZ U Y Block AR W 245 v % 1 25 B L
FIVEF . % T VanillaBlock 1 75 B RRE i A7 fig )1 %
XF T e A2 BRI 5038 FHPE , 4 SCFf VanillaBlock £
Heg] A YOLOv8n i F#1IE fill B 0 28 LLAR AR A5 72 1)
RS e 1 I R BT (Y T 07 40

_»i C;’"XV%d '—H BatchNorm2dH MaxPool H SIAF ]_’

K8 VanillaBlock 4544 &
Fig. 8 Diagram of the VanillaBlock structure

1.2.4 ID-Detect 1tk

LR YOLOvV8n 1146 I Sk A& 40 25 % 28 58 3 1 )
2 L U S0 I 245 i 1) S A R A R A BT 174
AT 5, FA BRI Detect Z5F TN K 9 i 7, i 1
WIS B IR 3 x 3 Conv A HL X 283t 22 Uk £ 4k il
B R IE HE— 2T -

Conv ) Conv ) Bbox
3x3 'l 3x3 'I Convad I 'l Loss ]
i[ Conv2dH Cls ]
Loss

K9 Detect 554K

Fig. 9 Diagram of Detect structure

Conv ) Conv )
3x3 3x3

T 2 22 S Je 6 BEZR Y OLOv8n A5 7R 45 44 1)
W, 2 R IEZ YOLOV8n 1Y Detect FEA4E S 5 &
H7 PSR R85 ) 7 B TR T, Ry AR ARG Sk 4 35
BUAS I $E T+ IR AT B 7, A SCGE I 51 ATF RS
/NH BAT Z2 ROBERHAE f# B fig 71 69 IDConv (Yu 55,
2024) BEHL 25 G HA /N TF R 1 x 1 Conv2d B fe
JL 3K A4 S BB IBE 9 3 X 3 Conv BEHR 32 ik LS Y
ID-Detect £ , ID-Detect B3 1 45 ¥4 4n & 10 frw
A 2R AR 3 AR SR A OB

Conv2d ]—p[ o ]
Loss
Cls

Conv2d]——D[ LR ]

K10  ID-Detect Z5 4%
Fig. 10  Diagram of ID-Detect structure

B i A I e A A R 2l B kL C
H AW 3 53 2 7m B ARAZ R /N T8 TR0 A 4 e JEE
VLHE . BB ETE R 2 R

FPLOs,,, _2XCXPXCXHXW _ 1 (4)
FPLOsy,, 2XCX3®XCXHxXW 9
FPLOsy.. _ (2k+9)CHW/2 _ 2k +9 (s)
FPLOs,,,  2x9C*HW  36C
... FPLOs,,, . N
ﬁ#uﬁia;:ﬁlx1cmﬂdﬁ3x3cmvmﬁ%i
Eztt,%ﬁlDCOHVfﬁﬂ%ﬁB x 3 Conv 31
FPLOs, .

A Z . ATLAE M, C > kI Btk 2 J5 6 I Sk
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(A B A et 2 A B s . SR SRS i —
G CH G TR G B 4 I Detect TR RG> ER I
3 % 3 Conv AR5 , 2l K 1Y ID-Detect 7 K i B I AR
RSO W R E, IRBG 5 T A A 255 Al
PERE

2 XBERSS

2.1 LBiEE
2.1.1 SLEIREE

ARSI BT FH S 6 T RN SE 0 G S A 2k 2
M3 PR

F2 ZRRE
Table 2 Experimental setup

EAN ZH
CPU Intel(R) Xeon(R) CPU E5-2673 v4
GPU NVIDIA GeForce RTX 3060 12 G
mH Python3.8.0
BAERSE Ubuntu 20.04.6 LTS
TREE S ST HESL PyTorch2.4.0 + CUDA12.1.1

2.1.2 SREdEEN A

25 S 5698 2K 3 75 JF Steellenbosch K27 HL T £
NFF Pothole Dataset( Nienaber 25 ,2015a, b) iR 4E
PEAT SEER AN AIE , 240030 R A1 % H B A5 D0 T /Y % 1

®3 ZHBH
Table 3 Experimental parameters

AR B
Epochs 150
W2 > 5% 0.01
AR 0.000 1
etk as SGD
&S 0.000 5
Batch size 8
EUGE R 640 x 640
Mosaic 10

PIBTEETEA TR, 22 th P A A, H b 222
— 432 AR RS S AR N IR SR FA8 Y B T
T MG B, BEE T 50t | BA R LA B ik 45 A A 1
i, BERS IR 2280 H 8 AT 25 v i) 6 TR A7 5%, 350
SIFEGIANE 11 FR . 5340, T Hassiz 5o 46 1 3=
B R R BB T 5 — o HAb RS gh ik 45 4m
PRI 5 1 B T S R, XA B T s I
GRA AR A [ B RG AT 55 b B R e T R b
TR B AN 12 7 o 2B AR 3 1 784 R A 1A
1§ K B S 4 1130 1Y Lu BRI 43 M I 2R 46 L UE
2D RO R A, B AR B ZR4E 1 265 TR IER (B0AIF
£E 401 R EME RAE 118 RIS, IF Bl ZR4E (B0
A A A PSS ER A A R 22 1 5 T

() 7 (b) Bt

(c) B2

(d) BT

BT BRSO A ) S S e 1 191

Fig. 11

Pothole legends of different scenes captured by the on-board camera

((a) general scenario; (b) effect of reflection; (c¢) shadowing by shadow; (d) strong light interference )

2.1.3 i dEbR

ARSI P 48 B A0 4585 1 5 (precision) | 4
[ K (recall) ,SF-2JH5 B (average precision, AP) SF1)
K 1 (mean average precision, mAP) . S8 &=
(parameters, Params) 77 18 5.0 (GFLOPs ) L &

WOH A (FPS) o PG BE A ] 5 SRR 2 LA %
P BAH JEE M (EL RE RS 2545 S WA L A R RS JE , FPS
RE A {7 AR 0 ARG 32, TS R 2 8 71 GFILOPs
RERS — & R FE AR BRI By A7 0T 4 , DAL X 26 A
Febn e [l S AR R (25 S P RE
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() —fed it (b) BRI

(c) KT
E12  HARES ik #3058 A0 AN R 3 52 ol 1 451)

Fig. 12 Pothole legends of different scenes captured by other mobile devices ((a) general scenario; (b) shadowing by shadow;

(d) S (e) AFIHLA

(¢) water disturbance; (d) occlusion by foreign objects; (e) different perspectives)

2.2 XfEER

Ry 5 UEAS AR R T A B8 T 5k o A 0 R 1Y)
A RN, 7E Pothole Dataset 505 4E b WA XL 5
H ARAG I G50 (14— 26 28 BB E AT LUK, A4 Cen-
ternet (Zhou %5, 2019 ; Duan %5 ,2019) | RetinaNet (Lin
% ,2017) . Faster R-CNN,SSD , Efficientdet (Tan % ,
2020) .YOLOvV8, S 425 SR ANk 4 s .

S A R AT LUE A SO i AR R
TE R S P LA 8] ARG RS B S0 28
i BB R FPS B3R ) T i . YOLOv8x-
ours M T YOLOv8x 2 4§ & P I T3 16 M, /2
YOLOv8x [ 77% , 1153 s B&AIK T3 32 GFLOPs, FPS
FETFT 5Mi/s, mAPS0 i 0. 596 | TF % 0. 623, #2553t
3MA G RGTET ES R BRI, YOLOV8m-

ours 7E 5 Centernet-resnet50 , RetinaNet-resnet50 , Faster
R-CNN-resnet50 }2 SSD-VGG (4 L% 1, YOLOv8m-
ours FIZEAPEREAL T-Hef AT FERS A S 0 AL
S5 T Y OLOv8m-ours SRV AR A BT
P, I H YOLOv8m-ours #HE T YOLOv8m S8t
25. 84 MFEH T 19. 49 M, F#AIK T3 1/5 RN T
i 11.5 GFLOPs, FPS & F+ 1 7 /s, mAP50 - F+ %
0. 596,35 %] YOLOv8x /K- ; TERS - SRS [,
YOLOv8n-ours % SSD-mobilenetv2 } Efficientdet-d0,
TERBAURG A BE AR i K FPS A BORILH,
I H 5 R 28 A% YOLOvSn 4 1 , YOLOv8m-ours ¥
mAP50 $& 5 3. 5 40 AL AL B T 1 % 10°,
W I /3, B A 5 A AR T 2.2 GFLOPs,
FPSHETL T 43 i/s , LB VEREA BRI TT .

T4 WHFIHER

Table 4 Comparing experimental results

TR KGR PENGI B mAP50 Params/M FLOPs FPS/(1i/s)
Centernet-resnet50 0.830 0.362 0.525 32.664 438.606 G 49
RetinaNet-resnet50 0.814 0.223 0.300 36.330 653.970 G 33
Faster R-CNN-resnet50 0.381 0.339 0.301 28.275 1.896 T 13
SSD-VGG 0.843 0.325 0.579 23.745 1.094 T 29
SSD-mobilenetv2 0.907 0.090 0.196 3.675 24.416 G 73
Efficientdet-d0 0.854 0.190 0.296 3.828 29.604 G 15
YOLOv8x 0.729 0.524 0.596 68.124 2574 G 49
YOLOv8m 0.741 0.550 0.590 25.840 787G 96
YOLOv8n 0.659 0.482 0.515 3.010 8.1G 200
YOLOv8x-ours 0.758 0.541 0.623 52.502 225.7G 54
YOLOv8m-ours 0.716 0.549 0.596 19.490 672G 103
YOLOv8n-ours 0.700 0.498 0.550 2.010 59G 243

T L SRR 5 8 B A2 2R
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25 L RTIR AR SCHE R DL AR SRR R g DA TE A Y
TR U S 3T O S5 P A T e 5 R 00 47 R L A B T
P AT AE R IR AT B A b A A SR
), A7 58 7 P B8 4 e T I e o A ) R 9 1 A
M
2.3 HERZIE

kg 56 UE AR SC A5 J0T A XoF 8 A e v S o A
WP B8 A R0 , 7E Pothole Dataset Z(¥54E 1% & 1H
SIS . T, A AR SR (YOLOVS) bl 5|
AR PR RS HRORE B0 X T LA A 35 s
YR8 I AEAS Sk AR (YOLOVS-PIVI) [ B 5[5
AR RO 36 U XS AR Sl R AR AR () A 2551k
SEEREE AN 5 R

b 2% 5 %048 0] 0, PartialBlock A5 3 i fiim A fii 3
AT SRR 3. 01 x 10°FE MR 2 2. 89 x 10°, 4 BiF
MBSk 1Y 0,515 $2 T = 0.526, {H i1 5 & i 8. 1
GFLOPs |7} % 8. 8 GFLOPs, % B PartialBlock F5 2t
FRI 5 AT 5500 Y B ARG DL R ARG TS 38 e 12 A R A,
YEM B2 SBO TR R A E T IDBlock LAY N
A (il FEZE AR S KR 3. 01 X 10 AIK & 2. 94
10°, 314455 1 8. 1 GFLOPs [% % 8. 0 GFLOPs, J- H A%
JEH 0. 515 $2F+ 2 0. 524, £ B IDBlock BEHL iG5| A
REAE7E P A S B it RN 6 1% () B 4t v A A T K
J ;4 Partial Block #5351 IDBlock #%He [f] i 5] AR,
BRI 2800 3. 01 x 10°[% % 2. 82 x 10°, {158 & h

8.1 GFLOPs JI % 8. 6 GFLOPs, fi 5 80K i 11 0. 515
$ET+ 2 0. 523, it X Eb PartialBlock £ IDBlock B
M5 I BEAE AT LR B, W3 R 5 AN S50 Al
THEE RS RE R S, (T i — 2P Ry [
IO A7 5 B S | AT A DA B2 AR T i 1
2BANAL B A R0 5 VanillaBlock BRI A G, FE 2k 5
RIS R0 3,01 x 10°FFAIK 2 2. 87 x 10°, 45 &
0.515#7+ 2 0. 516, Mt A i JLF AL, R W Vanil-
laBlock LY 5] A BRUE 7E R 71T B =L AR
15 G0 B ARS8 2 85 i O B2 TS 8 A DR B 5 %
PartialBlock BZEk  IDBlock £ L) M VanillaBlock f&
Pt [F 5] A B8 2 80m fh FR 219 3. 01 x 10°F% 2
2.69 x 10°, i} % & H 8.1 GFLOPs | J+ % 8.6
GFLOPs, k5 i1 0. 515427+ 2= 0. 529, #H# FH T
W) 2% () Bk R 0F L £ 51 A VanillaBlock B 5, #5570
TETHE R L AR A BTS2 T S50 ARG R
FE R iE— 2 Ak s FE B 5] A ID-Detect fLH 5 | A5
RIS 80 IR 1Y 3. 01 x 10°F& % 2,32 x 10°, 3}
B4 M 8. 1 GFLOPs & % 5.4 GFLOPs, i K5 J&
0. 515 &7 2 0. 525, FHH T 1 1 # 3 A BB 75,
ID-Detect B3 1) 5 | A RBAE A3 M B R IR IL LR AT 7Y
SRR 5 T 1 [R] S 4R T e AR AR () A I R
— B BE L AER T AR SCHE Y ID-Detect A58 (1)
P 5 24 PartialBlock #% 3t | IDBlock £ 3t | Vanilla-
Block #2 1k PA & ID-Detect e I [w] fin A FLLR AR AL f5

RS HRMLEER

Table 5 Results of ablation experiments

YOLOv8n  PartialBlock ~ IDBlock  VanillaBlock  ID-Detect K AR mAP50  Params/M  GFLOPs
N 0.659 0482  0.515 3.01 8.1
N N 0.623 0.507  0.526 2.89 8.8
N N 0.649 0484 0524 2.94 8.0
N N 0.630 0489 0516 2.87 8.1
N 0.646 0490  0.525 2.32 5.4
N N 0.674 0499  0.523 2.82 8.6
N N N 0.668 0480  0.524 2.12 5.2
N N 0.693 0.485 0.535 2.07 6.1
N N 0.654 0.501 0.523 2.14 5.9
N N N 0.654 0.504  0.529 2.69 8.6
N N N N 0.700 0498  0.550 2.01 59

U IHL P IR 2R 45 91 S R R N % P X I
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R S50 M 3. 01 x 10°F& 5] 1 2. 01 x 10°, Ji /b
T AT 1/3, i & & M 8.1 GFLOPs [% ik £ 5.9
GFLOPs, &Ik T 2.2 GFLOPs, K RS B M 0. 515 42
3. SN E AR IR FN T 0. 550, EURE A AN A (R
REGILERARAT — o BT, WA SCHE HE e
R A I LR AR (1 Sy b SCB T R b B4R R
TRV I 1 R A R 275 32 T AR T A SCH
(14 45 B R ABE B () 7 00 B ol SRR () R B . 1t
Ab, N S B IE nT LU B SCH A 44K
RS H (R AT AT — > DS AR v S [ 4 2 S B30

RIZEAPEREAE — R LR, PR BRAIE T A SCh
SIS B RS A RE
2.4 XLboH

R T 2 IR A S BB R A AR SO
FEL A ek R A P8 AR B AT 2R A LB,
FofiRm. WTUEH, 2 Gk RBR RS 6%
[1]% . mAP50 ,mAP50-95 , Params . GFLOPs . FPS $§ ¥
PP F IR AR, IF HAT S H0CCF K/ il 6. 3 MB
FEARZE 4. 3 MB, NAF 5 AR TR R REAIR 100 1/3, 44K
I ek RAR AT I 25 G R

F6 BEEARBERRBLHERLER

Table 6 Comparison of experimental results between baseline model and ours

JiRiil WEE HEE mAP50 mAP50-95  Params/M GFLOPs  FPS/(1i/s) FR K /NMB
YOLOv8n 0.659 0.482 0.515 0.261 3.01 8.1 200 6.3
YOLOv8n-ours 0.700 0.498 0.550 0.265 2.01 5.9 243 4.3

T L SRR 25 8 R A2 2R

Y Zrid B A bR A2 Lt 2 an & 13 Pz, 7l LA
A A0 G B b ke RS A RS B B L A [l 3
mAP50 Il mAP50-95 Z XU A 1 00 T AL LA A
HE— AR T ok RS RGP BCR .

N T EE LR 7N AR SC R AR R X R A A
BIPE AL SR B AR U AE Pothole Dataset 30 i £E H %) 4=
BRARAG K LUK HA RS S5 48 B 48 AR A AU 3R
HEATXE L, Al 14 AL 15 R, T LUE Y AR SO
TE—ERERE EALA 1 kv R o T e o A0 e 14 T
K BREG TR O, s Al TR /N H AR R RE ), O HL
TEPUNIE AR S 25 1) 5 B N RE 8 LA SEORS v A U3 E
DA B e 11 A Ul A ke

25 F TR AR SO AR AR L RE A% L) B

2 Y TR BRI SR 58 BOW AN TRl 57N B T T
TRASIN , 5 Jr R R A 23 A P RE L (AR 1A S
B DA Sk i AT o R AT
2.5 HEEIISEBRIGN A=

N T B UEASCRE AR SRS LT IS I L i
TER UL SIZ B i T 7018 AG: I 56 5% 401 < B RDD2022
(road damage detector 2022 ) % & 4E (Arya 55 , 2024 )
] s DX 0 5 B T 7R 55 o ) PRI , ) el AR
SCHR Y LA S VA TE Pothole Dataset %45 4 T il %k
JIT A g T TR A I ASE Y R AT I3, A 45 R AN 16
B

MK 16 8] LLFH H , 7 Pothole Dataset 035 5
I 2 P A P S T 7 1] e A DA TR ) At s XA ]
Y B 0 s 10 ST R A PR AT — 2 BRI BE T, R
WA AR LI 2 T 45 B4 S v T R B AH SC R i BAT
—EWZALRE ST, T —E R b RE TS T I 2R Kk
I £ AAIHCAt 375 557 A4 % T 03I R B G I o AR, ey
TR R i FH R AR GRS I 11 15 A4 3 IX 3 55
R R 25 5 AR E VI ZRist o BB 27 =T 31 H At (X
T 37 O AH DG UG RF AR, PR MG 10 b e ) 3l Tl 8 1o
A S U BT ST B o sk 3 B AR S B
w2 DS ) Rz R AT 25 g DU R I A A O
PGS 0 R BY HEA T I 2, 4 REAS 1038 107 214 1
F14) % T 5 o ARG A A

g5 B RTIR RSOl AR AE I Sod B o o
27 HA —EZ AR T A TE BT SR AR AL, fE
ARG EF At DX SEAR ] 15 5 1 PSR ) i T g )
B, (EUASE 0 285 SR A7 — i A Y LR AG: 5 s A6 A5 7]
B, AESEBR I AT B B AH G X R AR DG
AR R R YRR SR 2t — 2B I 25, A e i A Y
EL 8 5 7 2 g O AR ) S T S5 o A
2.6 AEHBFEEESEERIE

N T BAESE R B R AR SR B AL
5 % 48 5 3k 78 RDD2022-China-MotorBike (Arya
4, 2024) B PR 4 A1 VOC2012 (visual object classes
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Fig. 13 Training curves for each evaluation index of the baseline model and the proposed model

(b) ARSTHEAY
14 BEERBERY A SORLRIS 42 S5 S PR 10 et Sl A6 0 28R
Fig. 14 Pothole detection effect of the baseline model and the proposed model on on-board camera images

((a) baseline model; (b) ours)

2012) B4 E b Ao HZ CEIRE B v R I8 . 5 [ R0 rp [ 4 i 12
RDD2022 5 ¥ 45 & — > Z E A B0 AR5 18,3547 42008 . S 1 50k 53 1 A0 3R 0 1 9 3
e, T A sk GE gt . iz BdREE &k A P, 1B B A E M X 8500 42 RDD2022-China-MotorBike
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(b) ARSTHEAY
K15 FEEAS IR FNAC SORE RN A A% 2115 o P15 1% 1o 031 G D00 28R
Fig. 15 Pothole detection effect of the baseline model and the proposed model on images from other mobile devices

((a) baseline model; (b) ours)

(a) BEHEZE EREA

EFHLIASE IR

(b) FEADUEREHG AT B A (&

A

16 READISE b7y S5 10 e T 01 G D00 25 2R

Fig. 16 The pavement pothole detection effect of simulating the actual scene

((a) images captured by a smartphone attached to a motorcycle; (b) images captured by a camera mounted on a drone)

HEATAT G SE I B 42 th BEHE 42 Lo B R L
FASEAS R, S A 2480 R 1 2L PR BT B
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Fig. 17 Part of legend of RDD2022-China-MotorBike dataset
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((a) transverse cracks; (b) longitudinal cracks; (c) network cracks; (d) potholes; (e) repair areas)
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Table 7 Comparison of experimental results on RDD2022-China-MotorBike dataset

R AP mAP50 Params/M GFLOPs FPs/

MmBL  BmEE  FREL HUH BEXE (Wii/s )
YOLOv8n(1) 0.875 0.921 0.959 0.934 0.939 0.926 3.006 8.1 204
A1) 0.878 0.926 0.940 0.944 0.966 0.931 2.013 5.9 285
YOLOv8n(2) 0.894 0.888 0.968 0.992 0.971 0.943 3.006 8.1 158
AR(2) 0.907 0.905 0.980 0.995 0.979 0.953 2.013 5.9 270
YOLOv8n(3) 0.897 0.794 0.937 0.993 0.995 0.923 3.006 8.1 333
A (3) 0.908 0.857 0.945 0.920 0.995 0.925 2.013 5.9 217
YOLOv8n(A) 0.888 0.867 0.954 0.973 0.968 0.930 3.006 8.1 231
AC(A) 0.897 0.896 0.955 0.953 0.980 0.936 2.013 5.9 257
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