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Real-time object detection based on YOLOV7 in foggy weather

Xie Zuhua Li Haitao Hu Jianwen

(School of Electrical and Information Engineering,Changsha University of Science and Technology,Changsha 410114, China)

Abstract: In the foggy scene, the captured image is blurred, the detail information is missing, and the target and the
background are difficult to distinguish. Aiming at the problems of missed detection, false detection and slow
recognition speed of existing deep learning target detection algorithms, a real-time object detection algorithm based on
YOLOv7 in foggy weather is proposed. Taking YOLOv7 as the baseline, a cyclic defogging double sub-network
including AOD defogging sub-network and foggy image generation sub-network is designed at the front end. The
lightweight AOD defogging sub-network takes up little computing resources, effectively overcomes the negative impact
of foggy days on the image, and enhances the feature extraction ability of the model. The fog image generation sub-
network improves the dehazing performance of the AOD sub-network in the model training stage, and does not
participate in the calculation during the test, which significantly reduces the inference time. The improved image
reconstruction loss function introduces blurred image information, and the overall network unified training effectively
combines defogging and detection tasks. The CityScapes data set is integrated into two foggy image data sets with
different fog concentrations. The experimental results on the two data sets show that the average accuracy of the
method is 65.2 % and 64.2 %, and the detection speed FPS is 42. 4. The model accuracy is the best among all the
comparison methods and can achieve real-time detection. Finally, the trained models are verified on the RTTS dataset.
and the generalization ability of the designed model is better than other methods.

Keywords: foggy weather;image defogging; YOLOv7;real-time object detection
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Fig. 2 Stucture of fog image generating network
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Table 1 Precision comparison on CityScapes_foggy low between the proposed algorithm and other algorithms %

DiRrS Car Bicycle  Person  Motorcycle Bus P R mAP@50
YOLOvS-L 74.0 48. 6 53.4 47.0 57.9 76.0 50.7 56.2
YOLOv? 79.4 54.5 63.6 53.1 66. 2 76.9 56. 6 63.4
YOLOv9-C 76.0 50. 8 57.9 51.0 63. 2 76.4 52.0 59. 8
AOD-Net+ Faster R-CNN 64. 4 39.5 40. 1 28.4 o54. 4 63.9 53.1 45.4
AOD-Net+YOLOv7 79.8 55.6 64. 3 54.7 67.1 78.2 57.2 64. 3
IA-YOLO 63.6 44.0 44.1 26.3 33.8 59. 4 56.4 42.4
CD-YOLO 80.3 56.1 65.7 55.6 68. 4 78.6 58.4 65.2
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Table 2 Speed and model size comparison between the

proposed algorithm and other algorithms

ik BN SHE/M FPS
YOLOv5-L 640X 640 46. 1 29.6
YOLOV? 640X 640 36.5 49.5
YOLOv9-C 640X 640 53.0 43.5
AOD-Net+YOLOvV7 640X 640 36.5 42.6
IA-YOLO 640640 62.7 13.5
CD-YOLO 640640 37.1 42. 4

HT H— P AR BB ST RS
W BE T K CityScapes_foggy_high 24 [if — 51k,
MK 3 i,

£3 AXEXS5HME XA CityScapes_foggy high B #E &

Table 3  Precision comparison on CityScapes_foggy_high between the proposed algorithm and other algorithms %

DiRrS Car Bicycle  Person  Motorcycle Bus P R mAP@50
YOLOv5S—L 71. 4 45.1 50. 8 44.9 57.1 76.9 47. 4 53.9
YOLOv7 78.2 59.3 60. 4 50. 9 64.5 78.0 54. 6 61.9
YOLOv9-C 75.2 52.1 56. 3 47. 4 61.2 79.7 49. 8 58.4
AOD-Net+ Faster R-CNN 63.9 38.7 39.9 27.2 50. 1 63. 1 52.4 44.0
AOD-Net+ YOLOv7 79.3 55.9 62.8 52.1 65. 4 80. 6 54.2 63. 1
IA-YOLO 62.5 31.9 42. 4 24. 4 31.4 57.1 55.4 38.5
CD-YOLO 80. 4 56.3 63.5 53.4 67.3 80.7 56.1 64. 2
CityScapes_foggy_high %4l 5 19 % W £ T8 5 , 50 X F4 AXEFS5HMEXE RTTS LHBIERSE
FE TR, PR A | &K I 5 s AE CityScapes_foggy high Table 4 Precision comparison on RTTS between the
Bim £ FWKREA T B, YOLOvS, YOLOv? Al proposed algorithm and other algorithms %
YOLOvY =~ A H br A6 I 05 2 5986 0k 5 4 0 ok Iy P R mAP@50
53.9%.61.9% 1 58.4%; 25 KX H #r & W J7 &% . 1A- YOLOv5-L 71.5 30. 2 34.7
YOLO HKE LA 38. 5% AOD-Net + Faster R-CNN Al YOLOV? 68. 8 37.8 41.9
AOD-Net~+YOLOv7 [k MRS B 73 5124 44.0%.63. 1%, YOLOv9-C 62. 2 39.8 41.7
ASCAR Y CD-YOLO J5 K5y 64. 200, 3 1% He Iy AOD-Net+YOLOv?  69.6 38.5 42.9
R AT R IA-YOLO 54.2 25.4 26.8
NT 20 B R R 32 K BE J1. K YOLOVS, CD-YOLO 72.7 40.1 43.6

YOLOv7., YOLOv9, AOD-Net + YOLOv7. IA-YOLO F
CD-YOLO 7£ RTTS $¥5 4 L b7 8 iE 52 i, 45 R n 3k 4
FRR .
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