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Abstract: To address the issues of complex crack morphologies, environmental interference, and the im-
balance between detection accuracy and model lightweight requirements in road surface inspection, this pa-
per proposed a lightweight road crack detection method with adaptive feature extraction. First, a Crack Ef-
ficient Attention (CEA) module was designed based on the slender shape and large span characteristics of
cracks, compressing feature dimensions to capture long-distance spatial dependencies. Second, a Dynamic
Sampling Feature Pyramid Network (DSFPN) was constructed for adaptive sampling and target feature
extraction, enhancing representation capability for heterogeneous crack features. Third, the HGNet GS
lightweight backbone network was improved, and a CEA Group Head (CGHead) was proposed, signifi-
cantly reducing computational redundancy; the PIoU (Powerful IoU) loss function was adopted to solve
anchor box expansion problems and improve convergence speed for small models. Additionally, a civilian
road defect dataset containing 2 985 images under various lighting conditions was established to validate

model generalization. Experimental results show that compared with the baseline YOLOv8n model, the
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proposed method reduces parameters and computational cost by 50% and 52% , respectively; on the self-
built dataset, mAP50 and mAP95 increase by 5.4% and 4.1% ; on the public RDD2022 dataset, these
metrics improve by 2. 1% and 1.5%. The model has been deployed on edge devices and verified through

engineering tests, demonstrating its capability to meet practical requirements for lightweight road crack de-

tection and providing a technical solution for automated road maintenance systems.
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L =u(Ag )+ Loy, (11)
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Tab.1 Performance of PloUv2 with different X values

A Precision mAP50 mAP95
PloUv2(A=1.1) 79.2 72.5 42.3
PloUv2(A=1.2) 78.1 72.6 42.4
PloUv2(A=1.3) 78.6 73.0 42.9
PIoUv2(A=1.4) 78.7 72.1 42.3
PloUv2(A=1.5) 77.2 73.1 42.8
PIoUv2(A=1.6) 77.8 72.5 42.5
PloUv2(A=1.7) 78.2 72.9 42.7
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2 AP B4 10 GB. W% ST RE K 0. 01,2 3 KT
mAP N , (15)
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B, AR S NEUE R 4
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A SCIR WA L 3L F Python 3.8, f# i Py-
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B 7 O A %R KR N R oy B R
9 640X 640, R H SGD 1E R 44k %% , o 3h i
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Tab.2 Ablation experimental results

YOLOv8n HGNet HGNet GS DSFPN CGHead CEA PIOUv2 Z%(&#/M GFLOPS/G mAP50/% mAP95/%

<
N N
N V
N v
N J
N N
<
N N/ N
N N/ N/ N
N J J N J
N V N v
N N/ v N/
N N/ N/ N
OurModel N, N, N N,

3.01 8.2 67.3 38.3
2.3 7.0 66.5 37.5
2.32 7.2 68.2 38.7
2.83 7.5 70. 4 40. 4
2.42 5.7 69. 2 38.8
3.15 8.2 70.2 39.9
N, 3.01 8.2 68.3 39. 1
2.14 6.6 70.9 41.1
1.55 4.0 71.1 41.9
1.56 4.0 72.4 42.2
N 1.74 4.8 70.9 41.1
N, 2.13 6.6 72.5 42.4
N, 1.54 4.0 71.1 41.3
N, 1.56 4.0 73.0 42.9

SR ZE SRR, Y 3T A HGNet B, X 1
YOLOvSn #5 | 2 % it i85 4 5wk /> 1
23% N 15% 5 A MRS B A7 B AIK , mA P50 B
I T 0.8% . i fifi FH A SC 0 H7 i 1F 8 R ) HG-
Net_GS B}, 8 FiH 5 %tk YOLOv8n 433l
WA T 225 A 12%, K DR B mAPS0 48 T T
0.9%. 4{fi J§ DSFPN i} , Z ¥ 8 & & YO-

LOvSn R /> T 5. 7% F1 8. 6% , K £ mAP50
WE LA T 3. 1% 4 H CGHead il 3k B
BT S 400 5 75 i B R R AIR A LT YO-
LOv8n B B Z 5 it 155 15 43 ) 45 08 /> 1 2096 il
31% , K RS FE mAPSO 42T+ T 1.9% , iE W CG-
Head 7 % K4 9 52 b vk, HLUOR & R 3 7 A 5
Wi 240 AR SCHE Y CEA 1 & MLl 78
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CEA B HL i, XA AL 1) 52 i 5 K, mAP50 %6 435
FEAR T 2.1% A1 1.9%, mAP95% 43 5l B AKX T
1.8% F11.6% , BAHAX P BEE XA B R 8 1 &
BAEH . % BB RS A IR H PIOUV2 $ii
2% PRBUI , XF H YOLOvSn B A | 2 80 fit 42
KRR T 48. 2% A1 50 % , ¥ I A BE m AP50 #2 7+
T 5.4% K RS BE mAPOS#2TF T 4. 1% , A LA
SCRE R A 5 s Ak FIORS B2 7 T A A R 1 P A

5.3 AEB=TENXLIHTER

T AR [ 3 T BB A M R AR AR
XFEHE LT T S FL R DOBIIE R Ok
WO g 2 i — TR b Xl 4 T B 4, Hoh
a3 E G IR R A R BE R AR 360 5K, IR %
PR BB REA 0L 5K 5 0 4k 224 9% L F
B E B S BRI PE R . N3 3 AT LLE B AR S
P 0 RS Y TE 45 AN D T F8 B 2 40 5 T S o A
YR 2 A O TR 2R R 2 R A 2 L BE I DL
TSR I B EERC R LT Recall AR
WE U A 0 1 O, AR SC B R R A A A
PERE .

%3 FEBETEASFIR

Tab.3 Scenario-based quantitative analysis experiments

- JeRRAL R e R SAY
Recall mAP50 mAP95 Recall mAP50 mAP95 Recall mAP50 mAP95
YOLOvVS8n 61.2 70. 2 40.7 43.3 45.3 24.9 58.3 68.9 39.9
Our model 70.6 75.2 44.3 69.3 51.3 29.9 66. 6 74.5 44.1

5.4 AEEERE LW

T IR AR SCAR Y A A5 R AR [ T 2R A R
1255 b By PR RE  FEAS /N R S HoA 3 Y
N H PR AN B AT TR . B BE PR Y X
e #4945 YOLOVS, YOLOv7 ', YOLOVS,
YOLOvV9™ , YOLOv10O™ il YOLOv11, Jf H ¥y
TEHT Tk S A A A R B R AS . S TR
B 3z TR A SCR T 580 52 2% 1 B¢ T 450 40
£ RDD2022 75 FF 4 48 #E 47 %5 He S 5 o 3 i) 3R
AT LU B, A SCHR A A A A A R S R i O

Hb A T I AR R S R # . 4F RDD2022
B X IR ERL AL YOLOv8n, 2 8 i [ {I%
T 50%, 3 R BRI T 52%, i kS EE AR E T
1.3%, mAP50 # 7+ T 2.1%, mAP95 & 7+ T
1.5% ¢ AN, YOLOvVOtiny #6715 4% ¢ 30 R 4l
PERE (0 GFLOPs % R B 8418 . A 2 N AR SC
YRR AR FH T3 B BRAR T 6300, SR FEAR T
35%, Precision, mAP50 Al mAP95 ¥/ £ 7t , I
B st . 10 B U M R T 4% A A A
19 mAP i 2 il St 72

F4 FEEETLERE

Tab.4 Comparison of different models experimental results

A Input size Para/M GFLOPS/G Precision/ % mAP50/ % mAP95/ %
YOLOvSn 640X 640 2.5 7.1 63.0 60. 8 30.9
YOLOv7tiny 640X 640 6.0 13.2 59.5 60. 0 28.2
YOLOv8n 640X 640 3.0 8.2 65.9 61.8 32.2
YOLOvOtiny 640X 640 2.6 10.7 66.0 63.1 33.4
YOLOv10 640X 640 2.3 8.2 62.8 59.1 30.7
YOLOvlln 640X 640 2.59 6.4 65.2 61.9 32.2
Our model 640X 640 1.56 4.0 67.2 63.9 33.7
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Fig. 10 Detection result comparison
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Tab.5 Comparison of attention results
- D00 D10 D20 D40 P
AP50/ % AP50/ % AP50/% AP50/ %

om+SE 69.2 62.9 68.7 49.4 1.57
om+CBAM 69.6 63.3 68.1 49.8 1.70
om+CA 69.2 62.5 68.0 50. 2 1.57
om+ELA 70. 3 64.2 69.0 49.7 1.55
om+CEA 70. 6 64.5 69.3 51.3 1.56

5.6 i Sk3EE SLIG
122 6 o, %F CGHead 5 ¥ i 47 T % b 52
5, KK % CGHead KM 3k () PEBE . SE 56 45 S %

B, 248 Y OLOvSn A5 R 6 46 0 3k B, 2 80f 31
R B K, ETE A TR L EUS T SRR A 4
o Mi7E YOLOvSn & #l if fiff i CGHead Y, 5
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AR SCHRE A AR R 7 i B CGHead B, R B T

B BE L D00, D20, D40 % 4% 25 1 iy AP50 45
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Tab.6 Comparison of detect head results

D00 D10 D20 D40 ¥R/ HER/
Hom ]
AP50/ % AP50/% AP50/% AP50/% M G
YOLOvSn 68.7 61.1 67.9 49.7 3.01 8.1
YOLOv8n+CGHead 69.2 63.2 67.9 50. 3 2.42 5.7
Our model+ YOLOHead 69.8 64.5 69.5 50.9 2.14 6.5
Our model+CGHead 70. 6 64.5 69. 3 51.3 1.56 4.0

5.7 WS
WE 1B R R T 2803 5T iRl 25

AT LLAE B, 78 2 Fh 3 5 an ot BRAR R 22 BLBE R AE

2% DL SR RRIE AR BB LR, YOLOvVSn
R Y AT a1 PR i< N el (e Uil d

HEJ5 A SCREBIR B T B4 1 1R RE L BEE N 2
AN 5T I 6 T L A R AT 55 o T DA B [T
DL B, A SCHR Y A ASE 28 6 1 24 4% 1) o A o i 3R

B RERE A R R DT TR B O AR AR,
s T A AR

YOLOv8n OurModel
B 11 kg SRxT L

Fig. 11 Detection result comparison
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Fig. 12 Deployment plan for road crack detection
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