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Foggy Weather Object Detection Method Based on YOLOX s

LOU Zhengzheng.ZHANG Xin, HU Shizhe and WU Yunpeng

School of Computer and Artificial Intelligence,Zhengzhou University , Zhengzhou 450000, China

Abstract This paper proposes a foggy weather object detection model based on depth-wise separable convolution and attention
mechanism,aiming to achieve fast and accurate detection of objects in foggy scenes. The model consists of a dehazing module and
a detection module.which are jointly trained during the training process. To ensure the accuracy and real-time performance of the
model in foggy scenes,the dehazing module adopts AODNet to perform dehazing processing on input images,reducing the inter-
ference of fog on the detected objects in the images. In the detection module,an improved version of the YOLOX_s model is used
to output the confidence scores and position coordinates of the detected objects. To enhance the detection performance of the net-
work . depth-wise separable convolution and attention mechanism are employed on the basis of YOLOX_s to improve the feature
extraction capability and expand the receptive field of the feature maps. The proposed model can improve the detection accuracy of
the model in foggy scenes without increasing the model parameters and computational complexity. Experimental results demon-
strate that the proposed model performs excellently on the RTTS dataset and the synthesized foggy object detection dataset, ef-
fectively enhancing the detection accuracy in foggy weather scenarios. Compared to the baseline model. the average precision
(mAP@50_95)is improved by 1. 9% and 2. 37% respectively.

Keywords Foggy scene,Object detection,Image dehazing,Depthwise separable convolution, Attention mechanism
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Tabel 1 Ablation experimental results

VRS mAP@50_95/% ¥ E itEE
YOLOX s 51.88 8. 94108 26. 77107
+CSPCA 52.78 8.39X 108 23.41x107
+attnhead 53.06 8.46>10° 23,99 %107
+CGS 53.56 8.43x106 23.83%10°
+dehaze 52.92 8.43X 108 25,28 X107
~+train_dehaze 53.78 8.43X%106 25.28X109
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Table 2 Experimental results of synthetic foggy target detection

dataset
Wk mAP@50_95/% S E iEE

YOLOv3_U 52. 10 58. 60> 10° 154. 60X 107
YOLOvV5_n 41. 60 1.60X10° 4.20%107
YOLOV5_s 47.90 6.70%105 16. 00 % 10"
YOLOvV5_m 52.70 19. 90X 106 48.30x107
YOLOvS5_I 55. 70 44,10 109 108. 30 107
YOLOX_s 51.88 8.94 106 26.77X10°
DA_YOLOX(detect) 53.56 8.43x 108 23.83x 107
DA_YOLOX 52.92 8.43x10° 25.28 %107
DA_YOLOX(weight) 53.78 8.43X 108 25.28X%10"

MR 2 ALAN L 7RG A 25 H AR I R 4R b A SO Y
DA_YOLOX ## 5 YOLOX_s £ fER R AL L mAP & T W]
B3R R OB /B B/ . DA_YOLOX fE BRI 7E 5
HoAth B BRAG AL R A P R B T AR O S, FRDI R AR
BRI /NI GE B YOLOVS _s 1 YOLOvS _m SR |-, DA _
YOLOX @9 # Ml 2% 2 %0 45, 5 YOLOv3 _ U # Lk, DA _
YOLOX K B 0 & 4 8 S H0m fF B /b, 5 K B
YOLOvS_1 #i . DA_YOLOX 7K ¥ FfRF YOLOvS_ I, {2
DA_YOLOX #i B (19 2§ it fiH S = 2L i/ T YOLOvS L,

ASCAH ] RTTS #4842 6l 24 19 DA YOLOX A5 A
117 10 3300, 31 5 HoAth 2 00 B AR i AT AL 64T T . 4
WAk 3 %), 24 10U K 0.5 B, DA_YOLOX (detect) , DA_



212

Com puter Science HHEME Vol 51,No. 7,]July 2024

YOLOX #l DA YOLOX (weight) By 4 W 4% B 43 48 25 T
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Table 3 RTTS dataset experimental results
Ik mAP@50_95/% mAP@50/% S8 E it HE

YOLOv3_U 46. 90 65.70 58.60X10%  154.60X10°

YOLOvV5_n 40. 80 59. 40 1.60X105 4.20X 107
YOLOV5_s 42.90 61.50 6.70x10° 16. 00107
YOLOv5_m 47.10 65.10 19.92x 106 48.30x10°
YOLOv5_1 51. 30 69. 60 44,02X 105  108.30X10?
YOLOX s 47.05 64.49 8. 94109 26,77 X107
DA_YOLOX(detect) 47.57 65. 14 8. 43108 23.83x 107
DA_YOLOX 48.79 66. 32 8.43%106 25.28 X109
DA_YOLOX(weight) 49.42 66.48 8.43X 106 25,28 X107
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Fig. 5 Comparison of detection results

HERIE A CE X RIS F ARG IR B T Y
AL 3 T — A% KRG BRI DA_YOLOX. %
A58 40 G 45 25 55 A Ll A I A5 e, 25 S5 A8 FTT AODNet %o i
ABUGEAT 2255 46 DN RS B fff 1T 5 2E J5 19 YOLOX Us X 2235
Jr A P R AT R AT £ R, 30 0 G () I O A L 3 I % 55 AR
He 5546 I A5E He B4 AR OGP L AR AR 55 K 5T B AT R A A
MRCR . AR ke 55 K 3% 5 B bn A 0 B0 42 4 0 B ) A
RSB B A VOC BHRES LT — D% K5 H s

KoM BOHE 4 . JR7E RTTS Bl 42 R & A 25 H AR A I £d
e DHEATSIN SR A R AR U AR W TP S BT L R
BRI A5 SRR B (. SRR TE R 25 19 DL« T2 B8 5 A 46 0 1
BEAHX R 22 . 0 T i — 2D 4R TH B B 78 Uk 55 5 B0 T B4 A6 4
BE R BB 58 5 10 K5 A vp 7 Uk A 38 7 J5 T A Bl B AR R A
S 2% 55 RINSE T WIS I RE 1 Az AL RE )

& % X

[1] GIRSHICK R.DONAHUE J,DARRELL T,et al. Rich feature
hierarchies for accurate object detection and semantic segmenta-
tion[ C]// Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. 2014 :580-587.

[2] REDMON J,DIVVALA S,GIRSHICK R, et al. You only look
once: Unified, real-time object detection[ C]// Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2016.:779-788.

[3] LIU W,ANGUELOV D,ERHAN D,et al. Ssd:Single shot
multibox detector[C] // Computer Vision + ECCV 2016 14th
European Conference, Amsterdam, The Netherlands, Part T 14.
Springer International Publishing,2016.:21-37.

[4] GE Z,LIU S, WANG F,et al. Yolox: Exceeding yolo series in
2021[J]. arXiv:2107. 08430.2021.

[5] LI B,PENG X, WANG Z, et al. Aod-net: All-in-one dehazing
network[ C] // Proceedings of the IEEE International Conference
on Computer Vision. 2017:4770-4778.

[6] REN S, HE K., GIRSHICK R, et al. Faster R-CNN: Towards
Real-Time Object Detection with Region Proposal Networks
[J]. IEEE Transactions on Pattern Analysis & Machine Intelli-
gence,2017,39(6) :1137-1149.

[7] HUANG S C,LE T H,JAW D W. DSNet:Joint semantic lear-
ning for object detection in inclement weather conditions[ ] ].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence,2020,43(8) :2623-2633.

[8] REDMON J,FARHADIA. YOLO9000:better, faster, stronger
[C]// Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2017.:7263-7271.

[9] REDMON J,FARHADI A. Yolov3:An incremental improve-
ment[ ] ]. arXiv:1804. 02767,2018.

[10] HE K,ZHANG X,REN S,et al. Deep residual learning for



BB, 4 — R T YOLOX s W55 Kz 5t B ARG J7 vk

213

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016:770-778.
BOCHKOVSKIY A,WANG C Y,LIAO H Y M. Yolov4: Opti-
mal speed and accuracy of object detection[ ] ]. arXiv: 2004.
10934,2020.

WANG C Y,LIAO H Y M,WU Y H, et al. CSPNet: A new
backbone that can enhance learning capability of CNN[C] /
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition Workshops. 2020:390-391.

LI C,LI L,JTANG H.et al. YOLOv6: A single-stage object de-
tection framework for industrial applications[]]. arXiv: 2209.
02976,2022.

WANG C Y,BOCHKOVSKIY A,LIAO H Y M. YOLOvV7:
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors [ C] // Proceedings of the IEEE/CVF Confe-
rence on Computer Vision and Pattern Recognition. 2023 :7464-
7475.

XIE Y H,.XIE Y.CHEN Y. Object Detection in Real Misty
Scenes [ J]. Journal of Computer Aided Design and Graphics,
2021,33(5):733-745.

HNEWA M, RADHA H. Multiscale domain adaptive yolo for
cross-domain object detection [ C] // 2021 IEEE International
Conference on Image Processing(ICIP). IEEE, 2021:3323-3327.
LIU W,REN G, YU R.et al. Image-adaptive YOLO for object
detection in adverse weather conditions[ C]// Proceedings of the
AAAIT Conference on Artificial Intelligence. 2022:1792-1800.

LI X X,QIANG J,LIU W J,et al. Research on Traffic Object

[19]

[20]

[21]

[22]

Detection Method in Fog Based on Dual Backbone Network[]].
Journal of Chongqing Technology and Business University
(Natural Science Edition),2023,40(4) :25-34.

XU S.WANG X,LV W,et al. PP-YOLOE: An evolved version
of YOLO[]J]. arXiv:2203. 16250,2022.

WU Y, HE K. Group normalization [ C ] // Proceedings of the
European Conference on Computer Vision(ECCV). 2018:3-19.

LI B,REN W,FU D,et al. Benchmarking single-image dehazing
and beyond[]J]. IEEE Transactions on Image Processing,2018,
28(1):492-505.

EVERINGHAM M,VAN GOOL L,WILLIAMS C K T,et al.
The pascal visual object classes(voc) challenge[ ] ]. International

Journal of Computer Vision,2010,88:303-338.

LOU Zhengzheng, born in 1984, Ph.D,
associate professor,is a member of CCF
(No. 42111M). His main research in-
terests include data mining, IB me-
thods, intelligent traffic signal control

and so on.

WU Yunpeng,born in 1987, Ph.D, asso-
ciate professor, is a member of CCF
(No. 42109M). His main research in-
terests include pattern recognition,
computer vision,computer graphics and

SO on.

(SEAE S 4 - T A7)





