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Low-light image enhancement method for underground mines based on an improved Zero-DCE model

WANG Yiwei, LI Xiaoyu, WENG Zhi, BAI Fengshan
(School of Electronic Information Engineering, Inner Mongolia University, Hohhot 010021, China)

Abstract: Underground coal mine surveillance images suffer from noise, low clarity, missing color, and
texture information. Additionally, machine learning-based image enhancement methods face challenges in
collecting paired low-light and normal-light image datasets. To address these issues, this paper proposes an
improved Zero-Reference Deep Curve Estimation (Zero-DCE) model for enhancing low-light images in mines.
The ReLU activation function in the Zero-DCE model was replaced with Leaky ReLU to accelerate model
convergence and improve the efficiency of low-light image feature learning. A Convolutional Block Attention
Module (CBAM) was introduced at the skip connections between the shallow and deep networks of the Zero-DCE
model to enhance the model's ability to capture key image features. An Asymmetric Convolution Block (ACB)
was incorporated into the shallow network to optimize the model's learning of local image features and its ability
to represent fine details. A Cascaded Convolution Kernel (CCK) was employed in the deep network to reduce the
number of model parameters and computational cost, thereby shortening the training time. Experimental
validation was conducted using the LOL public dataset and a self-built mine dataset. The results showed that the
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improved Zero-DCE model outperformed typical image enhancement models in terms of Mean Squared Error
(MSE), Peak Signal-to-Noise Ratio (PSNR), Structural Similarity (SSIM), Natural Image Quality Evaluator
(NIQE), and Visual Information Fidelity (VIF). Specifically, on the self-built dataset, MSE and NIQE decreased
by 16.25% and 2.93%, respectively, while PSNR, SSIM, and VIF increased by 2.87%, 1.87%, and 17.64%,

respectively. The enhanced images exhibited superior visual quality, effectively improving brightness while

preserving detailed texture information and significantly reducing noise. The inference time for a single image

was 0.138 seconds, enabling real-time image enhancement.

Key words: underground low-light images; image enhancement; Zero-Reference Deep Curve Estimation

network; Zero-DCE model; unsupervised learning
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Fig. 4 Process of low-light coal mine image enhancement method based on improved Zero-DCE model
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Table 1 Indicators comparison of ablation experiment

Y MSE PSNR SSIM NIQE VIF
R 1 310.51 23.21 0.90 8.52 0.32
2 302.75 23.32 0.91 8.49 0.32
HiRL3 300.66 23.35 0.90 8.50 0.36
iRl4 275.47 23.73 0.91 8.51 0.35
TS 311.95 23.19 0.90 8.52 0.32
Bifle 291.13 23.49 0.90 8.33 0.38
BiRL7 262.47 23.94 0.92 8.29 0.38
AR 260.06 23.98 0.92 8.27 0.38
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Fig. 6 Comparison of image enhancement effect for LOL dataset
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Table2 Comparison of image enhancement indicators for

LOL dataset
LAY MSE PSNR SSIM NIQE VIF
LIME 2618.67 13.95 0.69 9.41 0.26
Retinex—Net 1367.98 16.77 0.79 9.76 0.22
KinD 1117.07 17.65 0.88 7.56 0.29
KinD Plus 739.74 19.44 0.89 9.41 0.29
Zero—DCE 1069.25 17.84 0.88 9.90 0.27
EnlightenGAN 1161.66 17.48 0.86 9.70 0.30
SSIENet 731.27 18.94 0.91 10.53 0.33
ARSCAFAY 776.39 19.23 0.91 9.28 0.37
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Fig. 7 Comparison of image enhancement effect for mine dataset
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Table 3 Comparison of image enhancement indicators

for mine dataset
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Table 4 Performance comparison of various models

AR R[]/ SHR/104 HHER/104
LIME 15.467 — _
Retinex—Net 0.704 0.555 587.470
KinD 1.033 8.160 574.954
KinD Plus 12.716 8.275 12 238.026
Zero—DCE 0.123 0.079 84.990
EnlightenGAN 0313 8.637 273.240
SSIENet 0.797 0.682 154.665
AR SR 0.138 0.052 55.738

el MSE PSNR SSIM NIQE VIF
LIME 992.84 18.16 0.72 9.30 0.31
Retinex—Net 1742.93 15.72 0.74 9.27 0.34
KinD 318.48 23.10 0.94 9.29 0.37
KinD Plus 461.40 21.49 0.89 10.58 0.32
Zero-DCE 310.51 2321 0.90 8.52 0.32
EnlightenGAN 322.167 23.05 0.90 8.73 0.31
SSIENet 314.109 23.16 0.91 8.62 0.32
AR 260.06 23.98 0.92 8.27 0.38
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