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Abstract: The low light images can lead to many computer vision tasks not achieving the expected results.
This can affect subsequent image analysis and intelligent decision-making. The existing low light image
enhancement methods for underground coal mines do not consider the real noise of the image. In order to solve
this problem, a coal mine low light image enhancement method based on Retinex model containing noise is
proposed. The Retienx model containing noise is established. The noise estimation module (NEM) is used to

estimate real noise. The original image and estimated noise are used as inputs to the illumination component
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estimation module (IEM) and reflection estimation module (REM) to generate and couple the illumination and
reflection components. At the same time, gamma correction and other adjustments are made to the illumination
components. And division operations are performed on the coupled image and adjusted illumination components
to obtain the final enhanced image. NEM uses a three-layer CNN to perform Bayer sampling on noisy images. It
reconstructs them to generate a three channel feature map which is the same size as the original image. Both IEM
and REM use ResNet-34 as the image feature extraction network. The multi-scale asymmetric convolution and
attention module (MACAM) is introduced to enhance the network's capability to filter details and important
features. The qualitative and quantitative evaluation results indicate that this method can balance the relationship
between light sources and dark environments, reduce real-world noise's impact, and perform well in image
naturalness, realism, contrast, structure, and other aspects. The image enhancement effect is superior to models
such as Retinex-Net, Zero-DCE, DRBN, DSLR, TBEFN, RUAS, etc. The effectiveness of NEM and MACAM is

verified through ablation experiments.

Key words: low light image of coal mine; image enhancement; Retinex model containing noise; noise

estimation; Bayer sampling; multi-scale asymmetric convolution; attention module
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Table 1 Objective evaluation results of different models

EIG4E % NIQE NIQMC PSNR  SSIM

Retinex—Net 3.37 4.88 14.40 0.59
Zero-DCE 3.62 4.67 15.51 0.58

DRBN 3.54 498 1532 0.70
IR DSLR 3.68 5.26 13.93 049
TBEFN 3.57 5.44 17.14 076

RUAS 343 5.18 1832 0.72

AL 3.30 5.63 18.5 0.74

Retinex—Net 3.42 4.64 13.09 0.57

Zero-DCE  3.69 483 1458 055
DRBN 3.50 5.03 1566  0.66

WA RIS DSLR 3.66 5.64 1538 078
TBEFN 3.60 5.40 1742 042

RUAS 3.52 5.29 1855  0.70

AL 3.28 5.78 18.03  0.77

Retinex—Net 3.53 4.66 13.88 0.56

Zeto-DCE  3.76 483 1356 0.54
DRBN 3.53 4.95 1532 0.68

g DSLR 3.60 5.18 1495 073
TBEFN 3.42 5.26 1783 0.69

RUAS 3.59 5.55 18.66  0.71

A3 3.33 5.83 1892 0.80

Retinex—Net 3.40 4.03 13.58 0.52
Zero-DCE 3.54 4.62 13.04 0.59

DRBN 3.60 5.33 1542 061
ES [RlE 75t DSLR 3.33 5.19 13.11 040
TBEFN 3.45 4.86 17.64  0.64

RUAS 3.58 5.05 1822 0.72

A3 325 5.86 19.01  0.77
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Table 2 Results of ablation experiment

FEETY NIQE  NIQMC  PSNR  SSIM
ResNet 3.35 4.43 14.02 0.51
ResNet +NEM 3.30 4.96 16.71 0.57
ResNet +MACAM 3.26 527 17.83 0.62
ResNet +NEM +MACAM 322 5.62 18.82 0.70
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