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Abstract: Aiming at the problems of low detection accuracy and large number of detection model parame-

ters in road defect detection methods in foggy scenarios, we proposed to improve the lightweight detection
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method of YOLO11n foggy road defects, aiming to improve the model detection accuracy while being
more conducive to its lightweight deployment. First, a front-end Dehaze-Network (DH-Net) was con-
structed in the backbone network, which maintained the consistency of the dehaze image structure while re-
alizing the joint optimization of the detection task orientation through the channel normalization and cross-
layer statistic transfer mechanism, and reduced the influence of the fog on the detection effect; second, in
order to enhance the ability to extract the details of the defects, the Adaptive Downsampling Module (AD-
own) replaced traditional convolution to reduce the number of parameters and retain key spatial features;
then, to reduce the impact of foggy scenes and complex road conditions on detection, an efficient multi-
branch auxiliary feature pyramid network was designed to enhance the cross-scale characterization of foggy
targets through dynamic convolutional kernel adaptation and weighted bi-directional feature pyramid fu-
sion; and lastly, the lightweighting of the detection header was improved by using part of the convolution
to partially convolution operation to reduce the computational overhead. Experiments across various datas-
ets demonstrate that the improved model achieves a mAP increase of 2. 1% and 3% respectively over the

baseline, whilst reducing the number of parameters by 47. 2% . This method provides a high-precision and

low-resource-consumption solution for foggy pavement inspection.
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Tab.2 Comparison of results of feature fusion networks

FRIEREA M4 mAP5S0/ %

Param/M  FLOPS/G

BiFPN 61.4 1.84 6.4
MAFPN 61.6 2.58 7.2
EMAFPN 61.9 1.88 6.4

3.5 sk bk LIe

g UE 52 ALK I Sk PC _Head AYPERE , S5
PEHCT 2 A A AR ) T R A Sk 45 4 i AT
X H, DESC " 6 il =k ok FH I B2 Al 73 15 45 AL Ak
TR ASFF ARG I 3k 3 2 {1 35 1 2 (8] FRAE
fill A 1k 2 ROZ RGN RE 77, PC_Head M5 T34 7
BRI s AR . AR IE 3,

F 3, ASFF 7E-F ¥ 05 B2 w7 H ALK
M3k A0 5 DESC, PC_Head M H 2 i 40 501 3 i
1.65M,1.57 M, I+HE &40 2.6 G,3.6 G,

PC _Head £ 3k 78 42 7+ 7 ¥ 8 B2 04 [5) 0 98 A o
iR, S8 EARR DESCH m 1
0.08 M, A Itk PC_Head ¥ i& & A C i & & 1k
ik

R3 AEENKFTLE

Tab.3 Comparison of different detection heads

A6 Sk MAP50/%  Param/M  FLOPS/G
DESC 61.1 2.16 6.1
ASEF 61.6 3.81 8.7
PC_Head 61.4 2.24 5.1

3.6 THBLILIE

R R GEATAN 5 38R T 5 A 45 BB A9 ek X
PERE 1 45 TH 8O B A Rk BT Al SE 5, R OR
WSS S A R gk 4.

R4 HEKELE R

Tab.4 Comparison of ablation experiments

(e DH_Net  ADown EMAFPN  PC_Head mAP50/% mAP50-95/% Param/M FLOPS/G

YOLO11 60.9 31.1 2.46 6.3
et 1 N 61.5 31.3 2.47 7.7
Btk 2 NG NG 61.6 31.0 2.01 6.3
et 3 NG N 62.3 31.7 2.02 6.7
it 4 N N 61.8 31.2 2.21 6.4
ik 5 N N N, 62.8 32.5 1.70 5.7
et 6 N/ N NG 62.3 32.6 1.76 5.5
it 7 NG N N/ 62.6 32.0 1.80 5.9

JT 4R 7 ik N, N N/ N/ 63.0 33.0 1.30 5.2

A% TH Filt S 56 I BH 4% 0k AR B 35 Bl T 4 T
BRI PR BE . DH-Net £ A iy s 7 b 2R B, H 25
AR HL UL E T 5 SRR AR B I 45 19 15 8 T
W, EERYET ERBAERERES TR,
J& S AEAT R AR AL B AR AR A5 T . B, A
S5 B K DH-Net £/F S JE il B, 5 76 30 E 78
ARAG A XV BT 1 R AIE T, 254 e 17 M BB 3 25 4
Jo W DH-Net A 3 i A Fi oty /9 2% B, 3 5 38 3E
I — A FN 5 22 42 1 A 3 B DR R 25 55 IR 45
P — B0 I8/ 55 SRR T R0 14 52, MA P50
A MAP50-95 43 5 42 F+ 0. 6%, 0. 2% ; i F§ AD-
own BRI 5 T RFEB RS A5G BH 5t

A A5V 7E O B OG5 2 [R) R AE 19 [R] B s > S 80,
MAP50 42 7+ 0.7%, Z % & B K 18. 3% #f
EMAFPN [ £ 8 ffte 5t 350 38 1) 2% W), 3 2o 2l 5 45
PR S FC 5 AR ) R A 4 35 il A 34 58 55 K
BRI H bR 09 B RO R AF B8 71, MAP5S0 42 T
1.4% , MAP50-95 42 F+ 0. 6 % ; ffi 1 PC_Head £
S 5 480 JSO R I 3k 5, 3 T3 4 4 BRSSO T
SRR 7E R RE RS Y IR IO Ak 3 5 R
MAP50 42 J+ 0. 9% , FLOPs F# 1% 1. 4% ; ££ DH-
Net i & fili I im A ADown fil EMAFPN B8t 5,
2555 4k 5 22 ROBE REAE @A 7 A B A SO0,
MAPS50 #2 7+ 1. 9%, MAP50-95 4& J+ 1.4 % ; 1£
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DH-Net 9y Z @t Ehn A ADown Al PC_Head £ Bt
B, 0 A4 PR B) R AP 34  MAPSO$2 T 1. 4%,
FLOPs [ % 5.5 G; /£ DH-Net iy Z£ it i A
EMAFPN #1 PC_Head B35, 76K FE 5 2% % 1]
BAs -5, MAPS0 #8271 1. 7% ; 24 DH-Net, AD-
own, EMAFPN 1 PC_Head 3t [7 /£ Ji i, 1 BE 35
#| & MAP50 42 J+ 2. 1%, MAP50-95 £ 7t
1.9%, S8 ML A7. 2% ,FLOPs (A% 17. 4% .
BCUE B T A B (8] 49 B[R] 200 : DH-Net $2 45 7 7%
W B B AR AE , ADown 76 I FE Rl oA S M A B
THBE AN EMAFPN WA a5 i & 17X e £
ROBERFAE 1 PC-Head f5c 2¢ LUK FF 85 52 WA 1 .
TR Al A -3 R R - = A BT R
A 35 19 G A
3.7 AREEEXLE XL

SCIRURSTE I N o Y 81 RV D e AN D T
T3 ¥ AR

R 5, 4R U7 i HA T 0 R RS BE
mAP X H R AER A YOLOIIn #2857 2. 1%, 4
Fb YOLO £ 1) 8 84557 v5n, v8n, v10n 43 1) #2 5
T2.3%,2.2%,4. 6%, 5 &H A vi2n A L2
BT 1.2%. 3T transformer iy RTDETR-L., %
G IR N NI (S IP EER  SH R SRl E e
B2 SO 1 50 i P E S R (D I A B R S A
() 500 RN B, 6 He R b T I AR T A ik
ATLFE-YOLO 7£ % KAl b 311 A 58 4 () e 20, 4
FESR T 1.4 Y0 5%k b [ 2500 1 BBk 2 25 A T 5
% FFA-YOLO, CPA-YOLO, iX P Ft 23 , 4%

£S5 FRBEILEIREER

Tab.5 Comparative experimental of detection models

Y mAP50/% Param/M FLOPS/G
YOLOv5n 60.7 2.08 5.8
YOLOv8n 60. 8 2.87 8.1
YOLOv10n 58. 4 2.16 6.5
YOLO11In 60.9 2.46 6.3
YOLOv12n 61.8 2.44 6.3

RTDETR-L 57.5 30.51 103.4
Hyper-YOLO"™ 62.5 3.45 9.5
FFA-YOLO 62.7 2.47 11.5
CPA-YOLO'™ 62.0 2.94 19.2
ATLF-YOLO" 61.6 1.61 5.2
Fr i Ty 7 63.0 1.30 5.2

T AR A AL EL A A R e B (R S H0E A
A AR A TR R AR SCCHE Ty A S R DT
TR FEAE b P T R IR B L X LR R
Zedg e 2 B A9 Hyper-YOLO, B 7 32t H
O R, R SR R B4R W DAEP-
YOLO FEAR T &5 (kG B DL ST B i b 00 4 o5 i
i H 0 b A 557 K 8 TR S 5 A T A 55

g B BB YOL O In B AU 78 156 187 it [
i AT 55w % O B 1k B, X H el i ik S YO-
LOT In A A 75 038 5 1 1 m] 400 A0 4G 0 05, 45 21
W7, DAL T LU Y X T 45 28 T8 6 dol
B, D5 S TR 1) 0T A R S v T R AR R T
X B ARG I 45 SR O T A L S Ah ek kA A R
fi B o A b RSB PR S 4 S A X SRR A 2
e LA ] e B, A R0 T R B 4 X R I X
RIS & T 25 KO8 B s AR AT 55 . 26 6 R
T Bk R 5 R 4R A R #E RDD2022-Haze 5% #i
B A BB PR I R0, o O AR R A 4 2K i T Bk B
19 AP50 43 Bl #4432 w5, B B2 07 12 1 T o A 1R
E SN TR

(a) JF[&]

(a) Original image

(b) Yolol1n

(0) AT
(c) Ours

K7 AT L

Fig.7 Visualisation comparison
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Tab.6 Detection accuracy of each defect

AP50%
H T
D00 D10 D20 D40
Yololln 62 54.2 67.6 59.8

ASCTT 62.9 56. 6 71.1 61.2

3.8 ZHMEIGHE

Sy i B 4 7 A S5 R B P RE
i F A e B AR AT I R e A — 3k 507 3K
EME , H4m 8% B R 55 48 60 3% T 0 A el % T, 7
Labellmg T.H 347 F T AR, IR A Bl 48
1 8: 2RI UG g e 4E |, R an Al 8.

R E SN il
Fig8 Campus Road Surface on Foggy Day

MR 7K T 5 YOLO1In 78 H 2 %k
P B AT I E . 455 R TR 7 I mAPS50 ik
F169.4% ,$2TF T 3%, o1 BT WL AR SC U7 AR LA
B v BB & AT AR

x7 BEYBESLMZAXIBER

Tab.7 Generalization experiment results on self-built dataset

LO11n # 8 7E Jetson Xavier NX °F & | J¢ i &
5 2 14 TensorRT Jin ¥ J& A9 A8 ) i 2R 43 1) A
20.25 FPS 5 54.46 FPS. i Ar #& 7 i 1€ A [7)
V- b, Je N S S A i 43 )Gk B 23,71
FPS 5 64.32 FPS, M#& T YOLOLIn A, iy
P& J7 A6 AT S 43 O 48 JE 3. 46 FPS 5 9.86
FPS. T, 76 1 S 25 1H 53 B8 5 2 FR 1 1% Ol
T, B ARG D B AT B Ak =S E] s 4 Ten-
sorRT i3 J , JIr 41 77 125 A A 0 ot 236 i — 25 2 7
% 64.32 FPS, Bm#ar$& 7+ 29 2. 71 f5 . Lk
g5 R R WT, T H Oy vk A B e R Oy T AL T
R R B R AE Y 0 SR Al N S
W7, R A DG A e AT 55 1 S B g R R T A AR
MR SCHE .

&9 Jetson Xaiver NX F £
Fig. 9 Jetson Xavier NX platform

R8 ERBHaMImIZE R L

Tab.8 Deployment detection frame rate comparison

Jetson Xavier NX

H A1
f mAP50/%  mAP50-95/% Param/M TC i TensorRT il
YOLOI11n 66. 4 29.9 6.3 YOLOI11n 20. 25 54.46
Jr B8 i 69.4 31.1 5.2 Jr 2 5 vk 23.71 64.32
4 Jetson Xavier NX =R & X I 5 % %

Shy Ay iy B R R A S B R T o R AT M
W ol B AR AL B T Jetson Xavier NX i 231
B5 IR A TensorRT I 4k AE 28 512 2R #E B
o ) LA A S S R R R B, PR AR I
e B G5 b A Rk . F & EE 5is g il
meE 9.

R A AR A S g 25 R (AR 8 /s ), YO-

BN 55 O PRI TE I ARG IR L S A2 Y
)80, 42 T Bt YOLO1 In (9 52 5 A0 A 0 53 72 o
it 3 F  DH-Net B8 52 3 25 55 55 46 00 1 1645 1
b, 4 & PN-MS Z5# 1) 5 2 S i A2 i pL A
RS T 555 i RS HARRRAE (9 25 A 5 >R
ADown TR FERE B UL S0 6 A1, 70 O) B o
25 () {5 6 A [ I sl 2 2 80k 5 B3 i EMAFPN
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