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Multi-attention joint optimization detection algorithm for adapting to

complex environmental noise

Zhang Xukang' Zhu Shuo’
(1. Electronic and Information Engineering,Nanjing University of Information Science and Technology,Nanjing 210044, China;

2. College of Electronic Information Engineering, Wuxi University, Wuxi 214105, China)

Abstract: To address the issue of inadequate target detection performance in the visual perception systems of autonomous
vehicles, particularly under complex weather conditions such as fog and rain that introduce environmental noise, we propose a
joint optimization target detection algorithm based on adaptive image denoising and multiple attention mechanisms ( DMC-
YOLO). An image denoising network has been constructed that combines the dark channel prior algorithm with ACE image
enhancement technology to improve image quality in challenging weather conditions. Additionally, this network is integrated
with the YOLOV8 backbone, utilizing SCDonw convolution to replace standard convolution. By incorporating point convolution
and depth convolution, the aim is to reduce computational costs while obtaining richer down-sampling information. The SEAM
attention module is employed to merge local and global information within the network. Furthermore, the SA detection head is
introduced to emphasize contextual features, allowing for the retention of more detailed information. To enhance the network’s
adaptability to various complex environments, linear interval mapping is incorporated into the loss function for reconstructing
IoU. Experimental results indicate that, compared to the baseline model, the average accuracy of the improved algorithm
increases by 2. 9% while reducing the number of parameters by 15%. This effectively enhances the ability of autonomous
vehicles to recognize targets in complex environments. The deployment outcomes on EC-R3588SPC and Nvidia Jetson NX edge
devices are promising, fulfilling real-time detection requirements even under challenging weather conditions.

Keywords: target detection;joint optimization; YOLOv8;complicated weather;image denoising
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Table 1 Results of ablation experiments
S B B mAP@0.5/% P/% R/% GFLOPs Params FPS
A YOLOv8 82.4 79.9  75.3 79.1 25.9 71.0
B YOLOv84SCDown 84.2 89.5 71.8 73.7 21.9 73.9
C YOLOv8+SEAM 83.3 84.9  75.7 80. 4 26.4 70.5
D YOLOv8+ SADetect 83.5 89.1  74.7 73.1 25.2 72.7
E YOLOv8+SCDown+SEAM 84.3 88.3 72.9 75.1 22.5 72.6
F YOLOv8+SEAM-+ SADetect 83.7 88.7 73.2 74.8 25.7 71.6
G YOLOv8+SEAM+ SCDown+ SADetect 84.6 90.0  73.0 69. 4 21.8 74.7
H YOLOv8+SEAM+SCDown+SADetect+ Focaler-CloU 84.9 90.5 73.3 69. 4 21.8 75.3
I DMC-YOLO 85.3 91.0 73.7 70. 3 22.4 74.4

BETE B —@BENYE R, R M= A
G ETE DGR TR AR AR B AR P o R AR R A A
A H bR 52 15 5 3 4 5 Aw (B AH E 38 25 BT B IR R AR
T M) J, A SCAE 20 I 265 8 i SEAM B H , 4 SE 86 C B
TEREIN 1.3 M ZEEAN 1. 3 G ¥ EEU LR F mAP@O. 5
IKE] 84. 9% MERIRIETF T 5%, HERIETHT 0. 4%, H
A A B A R AL MU TR T 0.5 Ips.
SADetect W& £ 3 A B A B T4 0 3k 047 1Y ¢
0BT SCE B, IF2 T {5 B Z 1 SC B L R AT RE R IK 1A
60 7 R0 PG i 0 BR AR S0 T, DA T 1 58 A TR X AN
[ RUEE H A B A6 0 g g, AH 388 F SR AR AR 2, SADetect il
BRI A A 0] RIEA A AL (G JE R E L METTR LK 9. 290 . mAP
@0. 5 #F 1.1%, LR E &, B AR ES PG A
SCDown 54 , ££ 305 X 45 s Il SEAM & 7 7 AL » i #F
T A5 R 10 A R A1E 45 IR 43 B % B 4 1) 09 3R AT RRAE 15
B PR AE G A IR IR A R R T AL DT i AR A
U5 T A R 2 T OG5 R T Ay v A5 2 B0 Ak B
FRAE $2 B o0 15 3 3 S 1) K 215 8., B 1K T A %6, il A
K mAP@O0. 5 T+ F 84. 3% . HEH R A 7 4 5l ik 2
88. 3V M 72. 9% . ¥ RUEN S B5 i A AL T il AR TR A
TRE S WIEER T B 72, 7 fps, HEBEB NP, TEG F AR
M5 A SEAM, 78 3k # W 4% 5] A SADetect, mAP@0. 5
KB 83. 7%, B AN A Ml S 88. 706 A1 73.2% , Ui
SEAM 3t 5 SADetect #2343 Hil A 45 F ) F5AF @l & 356 4
DA B Ay ) 3k 8 43 B Ak 1 2 AL 2E— 25 SR A5 B =2 [E] 1Y
R, 2 3 M5 B ZLRRAE R A0 T RRAE , B OR  4 1Y
EAZIF HR BT SEAM B2 7= A b i R R, S B
BB HAR WS YOLOVS JEAR—5, 30K G #5258 B,
C.D B FEATRN G - SADetect BEH B T| A , fdi 15455 T G 1%
T Ml A >0 TR A [m) RS R0 A 15 1) RRAE AR B AR i 22
OB AR B 28 BRIV A 15 B R 260 38 A A R AT 2 BRORT R AE
G R BE AR B/ AR fE B TR TR (S B, LB i s
B mAP@O. 5 4k 2% F K 84. 6%, 7% A BOR S50 ) 43 1)
TRE9.7GH S 1 MUK 74.7 [ps, 5236 H7ESLH G

A LAl b, A B S 45 5% B X Focaler-CloU, $i5 Bl (9 4% ¥ I
4 3 0 A B [ A 35 W 7 R ) SRR TR AR AR, B TR AR R 1) 5
N BE ST mAP@O. 5 M T RT B4R T+ 0. 3%, HE R
SR RETE 90. 5% M 73. 3%, Wik L EF] 75. 3 fps.
BB AETRAL B BE 5 A DCP-ACE 22 M5 1k, [ 1% 3R 455 1
PR/ B AR AE B FGE R A B A A8 0 T4, 128 T+ EG T
RIS THE S EN . mAP@O0. 5 7+ 5 85.3%.,
A T IR BT T 2. 9% HERA B F 91 %6, 77 S BRI
SRR DIEARZE 69. 4 G FT 43.9 M, WIEN 74. 4 fps. ok
HERE AP BE B E B (R T e WA S AR R
M SR T B
3.4 XX

RS UE AR SCAL IR AR B 2R R B T E A A 0 i R B e
AR UE A [ S 50 36 B8 R BB E A R R, A SO
YOLOv7-CDD 5 8 ¥y Bt 3 it 5y Bt 550 125 0 47 X L 55 56
HE A B FE SSD, R-FCN, CenterNet, Faster R-CNN,
RetinaNet, YOLOv4, YOLOv5m, YOLOX, YOLOv7 FI
YOLOvS, J 5 45 R N3k 2 Fios

£2 RITS L%
Table 2 Comparison experiments of RTTS

mAP@0.5/ P/ R/

Bk y y )y Params FPS
SSD 62.18 83.0 75.9 26.3 54.9
R-FCN 63.02 87.0 76.9 50.8 36.8
CenterNet 63.69 85.0 74.5 32.7 41.2
Faster R-CNN 64. 84 84.0 83.2 137.0 27.4
RetinaNet 65. 36 86.0 88.0 36.2 24.1
YOLOv4 72.17 89.0 73.4 72.8 63.0
YOLOv5m 76. 89 90.0 62.7 29.3 124.0
YOLOX 70.93 86.5 52.2 12.7 37.9
YOLOv7 81.10 82.1 74.0 37.2 36.0
YOLOvS 82.40 79.9 75.3 25.9 71.0
AL 85. 30 91.0 73.7 22.4 74.4
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Table 3 Experiments on generalization of snow traffic

Bk mAP@0.5/% P/% R/% Params
YOLOvS 69. 7 72.6 60. 8 25.9
AL 72.9 71.7 68.1 22.4

% 4 RainyDataset 2 ¢ 14 5218

Table 4 Experiments on generalization of RainyDataset

(ZR7S mAP@0.5/%  P/% R/ % Params
YOLOvV8 81.1 80.0 77.5 25.9

AL 82.3 83.7  76.8 22.4

%5 Final ZHHEZE
Table 5 Final generalization experiments

Bk mAP@0.5/%  P/% R/ % Params
YOLOv8 79.2 77.1 86.0 25.9

AL 83.5 79.7  87.1 22.4
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Fig. 9 Comparison of detection effects in foggy environment
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Fig. 10 Comparison of detection effects in snowy environment
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Fig. 11  Comparison of detection effects in a rainy environment
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Fig. 12 Comparison of detection effects in the dark night environment
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