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A Low-Exposure Image Enhancement Based on Progressive Dual Network
Model
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Abstract When the traditional image enhancement methods enhanced the low-exposure image, they usually just
considered the enhancement of brightness and ignored the problem of noise amplification. Besides, the current
deep learning methods used the end-to-end network to directly learn the mapping relationship between the
low-exposure image and the normal image, ignoring the physical principle of the formation of the low-exposure
image, and did not consider solving the problem of noise amplification. In order to solve these problems, this
paper presents a low-exposure image enhancement method based on progressive dual network model by
analyzing the essential causes of image degradation. The proposed method includes two parts: image
enhancement module and image denoising module. The construction of each module also adopts the progressive
idea by considering the image brightness change from dark to light and the image restoration from coarse to fine,
so that the enhanced result is closer to the real image. Furthermore, to train the network better, a bidirectional
constraint loss function is designed, which makes the learning result of network approach the real data from
positive and negative directions of the image degradation model, and finally achieves dynamic balance.
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Experimental results show that the proposed method is more effective than some state-of-the-art enhancement

methods from both subjective and objective evaluations.

Key words Low-Exposure image enhancement; Progressive; Dual network; Bidirectional constraint loss

function
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Background

With the development of artificial intelligence and the
excellent performance of neural network in the field of image
processing, the method based on deep learning has been
applied to various fields of image processing. Such as image
fusion, 1image defogging, image enhancement, image
super-resolution and image quality evaluation. Experimental
results show that deep learning is effective for feature
extraction and analysis of digital images. With the rapid
increase of the number and types of image data, the
generalization ability of deep learning method has been greatly
challenged.

There are three kinds of image enhancement methods,
which are based on histogram equalization, Retinex theory and

deep learning. Histogram based methods mainly enhance the
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visual effect by enhancing the image contrast. Such methods
have low computational complexity, but are prone to detail loss
and color deviation problems. Retinex based methods can get
better visual effect, but they still have limitations in model
solving. Deep learning based methods can avoid the limitations
of model solving, but they also ignore the imaging principle of
images.

In this paper, we combine the advantages of deep learning
and physical model, and propose a low exposure image
enhancement method based on progressive dual network
model, which is divided into two modules: image enhancement
and image denoising. We also propose a bidirectional constraint
loss function to make the learning result of network approach

the real data from the positive and negative directions. The
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experimental results show that the method proposed in this
paper can achieve excellent results.



