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methods for nocturnal animal images

WANG Chi', SHEN Chen', HUANG Qing?, ZHANG Guo-feng', LU Han', CHEN Jin-bo'"
(1. School of Mechatronic Engineering and Automation, Shanghai University, Shanghai 200444, China;
2. Aviation Industry Corporation of China Luoyang Electro-Optical
Equipment Research Institute, Luoyang 471023, China)

* Corresponding author, E-mail: jbchen@shu.edu.cn

Abstract: In order to solve the problems of low image exposure, low contrast and difficulty of feature extrac-
tion in real-time animal monitoring at night, we proposed a lightweight self-supervised deep neural network
Zero-Denoise and an improved YOLOvS model for image enhancement and accurate recognition of nocturn-
al animal targets. The first stage of rapid enhancement was performed by lightweight PDCE-Net. A new
lighting loss function was proposed, and the second stage of re-enhancement was carried out in PRED-Net

based on the Retinex principle and the maximum entropy theory, using the original image and fast enhance-
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ment image corrected by the parameter adjustable Gamma. Then, the YOLOv8 model was improved to re-

cognize the re-enhanced image. Finally, experimental analysis was conducted on the LOL dataset and the

self-built animal dataset to verify the improvement of the Zero-Denoise network and YOLOv8 model for

nocturnal animal target monitoring. The experimental results show that the PSNR, SSIM, and MAE indicat-

ors of the Zero-Denoise network on the LOL dataset reached 28.53, 0.76, and 26.15, respectively. Combined

with the improved YOLOVS, the mAP value of the baseline model on the self-built animal dataset increased

by 7.1% compared to YOLOVS. Zero-Denoise and improved YOLOVS can achieve good quality images of

nocturnal animal targets, which can be helpful in further study of accurate methods of monitoring these targets.

Key words: nocturnal animal detection; low-light enhancement; self-supervised learning; Retinex; low-light
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Tab.2 Experimental results of improved YOLOVS ablation

Bk U ET CHER S LlSLEIIES P R mAP@0.5 mAP@0.5:0.95
YOLOVS 723 70.8 80.7 49.7
A \ 73.3(+1.0%) 72.3(+1.5%) 81.2(+0.5%) 50.3(+0.6%)
B J 75.0(+2.7%) 74.6(+3.8%) 81.4(+0.7%) 50.4(+0.7%)
C J 73.3 72.3(+1.5%) 80.9(+0.2%) 50.1(+0.4%)
D R \ 76.0(+3.7%) 74.9(+4.1%) 81.9(+1.2%) 51.3(+1.4%)
Ours v v \ 77.9(+5.6%) 75.2(+5.6%) 82.2(+1.5%) 51.7+(2.0%)
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Tab.3 The effect of different algorithms on improved YOLOvVS

Ak Rabbit Bird Chicken Mouse Duck mAP@0.5
Im-YOLOVS 94.0 86.5 62.2 80.3 63.5 82.2

URetinex-Net+Im-YOLOvS 94.5 88.0 735 91.9 66.2 83.5(+1.3%)
StableLLVE+Im-YOLOVS8 935 90.6 71.6 82.2 64.5 82.5(+0.3%)
SCI+Im-YOLOVS 94.7 91.1 72.0 932 69.5 84.7(+2.5%)
Retinexnet+Im-YOLOVS 89.2 76.6 60.9 68.5 58.7 78.5(-3.7%)
MBLLEN+Im-YOLOVS 94.2 90.8 725 89.0 65.5 83.1(+1.1%)
Zero-Denoise+Im-YOLOvVS8 95.0 91.7 74.6 974 76.0 87.8(+5.6%)
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Fig. 8 Visualization results of enhanced and unenhanced target detection
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Tab.4 Visualization results comparison of enhanced and unenhanced target detection
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