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Abstract: To address the problem of unsatisfactory low-light image enhancement caused by color
distortion, loss of details, insufficient enhancement of dark areas, and excessive enhancement of
bright areas in existing low-light image enhancement methods, a zero-reference low-light image
enhancement method from local to global is proposed. Initially, the low-illumination image is
enhanced at the pixel level through local illumination enhancement, the adaptive light mapping
function is improved, and the illumination adjustment ability is enhanced to avoid the generation
of massive iterative parameters and improve the inference speed of the model. Subsequently, the
global adjustment is performed on the locally enhanced image through Transformer-based global
image adjustment to tackle the exposure problem of excessive illumination enhancement in the
bright area and insufficient illumination enhancement in the dark area, thereby enhancing the

overall contrast of the image. The loss function is optimized to constrain similarities between
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features of the low-illumination image and those of the enhanced image, thereby improving the

target detection accuracy. The experimental results show that the objective metrics peak signal-

to-noise ratio and structural similarity can reach 20. 18 dB and 0. 80 on the LOL dataset, 23. 31 dB

and 0. 87 on the MIT-Adobe FiveK dataset, and the target detection accuracy of the enhanced

image on the ExDark dataset has increased by 7. 6%, thus effectively improving the visualization

quality of the low-illumination image and the target detection effect.

Keywords: image processing; machine vision; lightweight network; low-light images; image

enhancement;object detection
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Fig. 1 Overall architecture diagram of proposed low-light image enhancement method
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Fig. 2 Adaptive light mapping estimation function curve
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Fig. 3 Calculation process of global image adjustment
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