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Abstract Low-light image processing is an important task in computer vision, which is widely used in many fields.
Due to the high image noise and blurred details in low illumination environment, it is difficult for conventional image
enhancement techniques to effectively recover the image quality. In this paper, a method for automatic detail
enhancement and visual effect improvement of low illumination images based on hierarchical image processing
algorithm is proposed. The method combines Retinex theory and convolutional neural network, and realizes the
effective enhancement of low illumination images by constructing the decomposition and enhancement module of
reflection component and light component. In the experiments, LOL and LOLv2 datasets were used for subjective
and objective evaluation, respectively. The results show that on the LOL dataset, the PSNR and SSIM of this method
reach 25.42 and 0.911, respectively, and on the LOLv2 dataset, the PSNR is 23.09 and the SSIM is 0.932, which
are better than other existing algorithms. In addition, the subjective evaluation also shows that the proposed method
has obvious advantages in terms of noise removal, line clarity, color naturalness and image realism. The study
shows that the method can effectively improve the detail performance and visual effect of low illumination images.

Index Terms Low-light image, detail enhancement, Retinex theory, convolutional neural network, PSNR, SSIM

. Introduction

In today's digital era, digital art works are gradually becoming an important part of the art field. Digital art is an
emerging art form that rises with the progress of science and technology, which integrates various elements of digital
technology, computer technology and art creation, presenting an unprecedented artistic expression [1]. With the
popularization of the Internet and the rise of social media, digital art works can be spread more quickly and widely
[2]. The younger generation has a higher degree of acceptance and love for digital art, and they are more willing to
appreciate and purchase digital art works through online platforms [3]. In addition, the application scenarios of digital
art have become more and more extensive, not only appearing in art exhibitions, but also playing an important role
in the fields of games, film and television, and advertisements, which step by step enlarges its audience group [4]-
[6]. From digital painting, virtual reality art to digital sculpture, digital art has attracted the attention of many artists
and audiences with its unique forms of expression and means of creation [7]-[9].

The emergence of digital art not only brings new creative possibilities to the art world, but also brings a new art
experience to the audience. However, digital art creation also faces many difficulties and challenges in the
presentation of details and visual effects of works. When high-definition pixel materials are uploaded to the creation
tool after compression, the rate of loss of details is more than 30%, and visually, the generated works may have
stylistic variations, which affects the visual effects [10]-[12]. In the current creation method, the parameters of the
creation tool are solidified, and the generated works tend to have the same visual effect and are poorly adapted to
different types of works (e.g., watercolors, prints, etc.). The detail enhancement by super-resolution reconstruction
technique is effective, but it is easy to homogenize the details of the subject and the background in the painting.
Visual effects and details enhanced by histogram equalization are centered on contrast enhancement, but the
enhancement effect on the global is not significant [13]-[16]. Whereas, it has been shown that hierarchical processing
techniques can recognize image features [17]. This provides a new direction for detail enhancement and visual effect
enhancement of digital artworks.

Combining the advantages of Retinex theory and deep learning models, this paper proposes a new low
illumination image enhancement method. First, the Retinex theory is used to decompose the light and reflection
components of the image; then, a convolutional neural network (e.g., UNet) is used to denoise and enhance the

reflection component, and the light component is restored to brightness. Through this layered processing method,
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the quality of the image can be effectively improved and the details and realism of the image can be restored.

In terms of method implementation, a decomposition and enhancement module based on UNet network is
designed in this study. Through multi-scale feature extraction and fusion, the preservation of detail information is
guaranteed. Meanwhile, for the noise problem of low illumination images, the reflection component consistency loss
and color loss function are introduced to ensure that the enhanced image has low noise and clear details. Through
experimental validation on LOL and LOLv2 datasets, the method achieves excellent results in several evaluation
indexes.

In conclusion, the research in this paper not only combines the advantages of Retinex theory and deep learning,
but also provides a new way of thinking for low illumination image enhancement, which can effectively improve the
details and visual effects of images, and provides a strong support for practical applications in related fields.

Il. Method

Il. A.Retinex theoretical foundations

The imaging process in the human eye is a complex optical process that primarily involves various structures in the
eye and the physical properties of light. As light rays pass through the cornea and lens into the eye, they are refracted
and scattered by these structures to enable them to focus on the retina. Through a series of experiments and analysis
of the imaging process in the human eye, Land et al. attributed this phenomenon to the interaction between the
retina and the cerebral cortex, combining the words “Retina” and “Cortex” to form the term “Retinex”, which refers to
the ability of the human eye to accurately identify the correct color block as the color constancy of vision.
Subsequently, Retinex has been gradually developed into a theory of Retinex that emulates the mechanism of the
human visual system.

Il. B.Convolutional Neural Networks

Il. B.1) Convolutional layers

Convolutional layer is designed to extract features from the input data, and convolution is the key operation to
complete the feature extraction, in the field of image processing, the convolution operation is the process of matrix
operation on the input feature map and all the convolution kernel, using the convolution kernel as a mask, sliding
window operation is carried out on the input feature map matrix with a specified step size, and the matrix within the
window region is weighted and summed as the output, so as to extract the information of the feature map, the The
computational formula is shown in equation (M). X! is the ;th feature map of ;1 layer, w! is the convolution

kernel weight connecting the ;th feature map of ,,—1 layer to the ;th feature map of m layer, b, is the bias
weight, and X" is the computed output feature map.

i

n
m __ m=1 g m i 1
x; = E X W +bj (1)

i=1

There are usually multiple convolutional layers and convolutional operations in the network of deep learning
models [18], and the flow of calculating the output feature size and input data size during the convolutional operation
is shown in equation (2).

output = input + 2 x pac?dzng — kernel +1 2)
stride

Input and output are the sizes of the input and output feature matrices, respectively, padding is the pixels that
the feature map is filled with during convolution, el i the size of the convolution kernel, and ¢4+4e is the step
size of the convolution kernel to be slid on the feature map matrix.

Il. B.2) Pooling layer

The pooling layer is generally between the convolutional layers to maintain feature scale invariance to a certain
extent, and the other is to retain the main features under the premise of reducing the amount of computation,
reducing the risk of model overfitting and enhancing the generalization ability of the model. In pooling operations,
two operations, maximum pooling and average pooling, are usually used, as shown in Figure m
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Figure 1: Pooling process

Assuming that the size of the input feature map is 4x4, the size of the pooling window is 2x2, the step size is 2,
and sliding in the direction of the arrow, the maximum pooling means that the pooling window takes the maximum
value in the rectangular region covered in the feature map, and the average pooling means that the average value
of these matrix regions is computed, and finally, the output feature maps of the corresponding positions are obtained
and transmitted to the next layer, and the size relationship between the input and output is shown in Equation (3).

input — kernel + 2 x padding ‘1 (3)

output stride
Il. B. 3) Activation functions
Convolution of the operation of the input and output of the linear relationship between the use of convolutional layers
and can not meet the required fit to the nonlinear model, the current commonly used operation is to add a nonlinear
transformation function after the convolutional layer, so that the network has a strong nonlinear expression ability,
common activation functions include Sigmoid function, ReLU function and Leaky ReLU function.

II.B.4) 2.2.4 UNet

UNet network is improved by Ronndberge et al. in 2015 based on a full convolutional neural network, the model
architecture consists of a compression network and an expansion network, forming a U-shaped structure [19]. The
compression network is the downsampling network, which performs convolutional layers, pooling operations on the
image to extract the deep feature information of the image, and the expansion network is the upsampling network,
which utilizes the upsampling and convolution operations to obtain the features, and the core of this network is its
multi-scale jump connection, and the compression network's different depth feature vectors are replicated and
spliced into the corresponding expansion network's feature vectors in the up-sampling process to compensate for
the lost boundaries and make the feature vectors are better fused and the detailed information of image features is
better preserved.

Il. C.Automatic detail enhancement of artworks

Il. C.1) Decomposition module

The decomposition module has two branches, one branch is used to extract the reflection component and the other
branch is used to extract the illumination component. In the branch for extracting the reflection component,
considering that the UNet network has good feature extraction and feature fusion capability, this chapter designs
this branch as a UNet-like network.

In order to constrain the decomposition module to accurately decompose the illumination component and reflection
component, the following loss function is designed. Using the reflection component consistency, i.e., the reflection
component of the low illumination image should be consistent with that of the normal illumination image, the reflection
component consistency loss L, is introduced as shown in Equation (4)).

Lir :H Rlnw - an‘mal Hl (4)

where ||.||, denotes the 1, paradigm.

Using the principle that the illumination and reflection components can reconstruct the image, the reconstruction
loss L isintroduced, as shown in Equation (5).

Snormal Hl (5)

normal Inormal normal ‘ |

Lre’con = 2'1 H R ]

low™ low
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where 2,,1,,4,,2, is the reconstruction coefficient, taken as 1, 1, 0.001, and 0.001, respectively.

Il. C.2) Reflective components
The reflection component obtained from the decomposition network often has a large amount of noise and local
color distortion, which needs to be denoised, otherwise it will affect the quality of the subsequent enhanced image.
In order to improve the running speed of the module and further improve the denoising ability of the module, a
reflection denoising enhancement network is constructed using convolutional neural networks. The network structure
of the denoising module in this section is also designed as a UNet-like network, and the network can obtain the
feature maps of each dimension after four downsamplings, which are then fused into the up-sampled feature maps.
In the reflection component denoising module, the reflection component of the normal illumination image is mainly
used to guide the constraint model training. In this way, the loss function of the denoising module is designed.
This section also utilizes the reflection component consistency and designs the loss function [, as shown

ir—denoised
in equation (6).
(6)

In order to solve the problems such as color distortion in the local region of the image, this chapter invokes the
color loss function to compare the image after using Gaussian blurring, which can be a better measure of the color
difference of the image. At the same time, the local translation invariance of the image can be ensured by using the
image after Gaussian blurring. The color loss formula is shown in Eq. (7) to Eq. (ﬂ).

L R

ir—denoised _‘ | low

-R

normal ‘ |l

Lcalor (Slast > Snarmal) :H Slastb - Snormalb H; (7)

Slastb (l’ J) = ZSlast (l+k’J+l)G(k’l) (8)
k.l

Snormalb (l’ j) = Z Snw’mal (l + k’ J + I)G(k7 l) (9)
k.l

(k-p, ) U=-m,)
2. 20 10
G(k, l) — Ae 20, 20, ( )

where ||.||, denotes the [, paradigm, s and § = denote the images of 5 ~and § after Gaussian

b normal

blurring, respectively, and G(k,/) denotes the Gaussian blurring operator, (k,/) denotes the coordinates of the

center point of the image, u is the mean, taken as 0, o is the variance, taken as 3, and A is the amplitude, taken

as 0.053.

Finally, the composite loss function 1, of the reflection component denoising module is obtained as shown

oised
in equation (11).

Lde)wised = Lirdenaised + Lcolor (1 1 )

Il. C. 3) Light Component Enhancement Module
The light component of low illumination images often has problems such as dark brightness and blurred details
compared with the light component of normal illumination. Therefore, a light component enhancement module is
constructed in this chapter. The light component enhancement module mainly consists of a UNet network after three
times down-sampling and three times up-sampling, and the overall structure is similar to the reflection component
denoising module, but different in details.

In order to constrain the enhancement module to realize the expected function, the loss function of the
enhancement module is designed.

The enhanced image should be structurally consistent with the normal illumination image, so the reconstruction
loss is designed, [ . The formula is shown in equation (12).

L =S, =S, (12)

recon

where s, denotes the final enhanced image and § = denotes the normal illumination image.

al
The enhanced illumination component needs to keep segmental smoothing, so the illumination component
smoothing loss function is introduced, and the [, formula is shown in equation (13).

is—enhance
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denotes a very small constant, in order to prevent a denominator of zero.
From above, the loss function 1 = formula for the light component enhancement network is shown in equation

(14).

S gradient values, and ¢

normal

ce

L =L +L

enhance recon isenhance

(14)

lll. Results and Discussion

lll. A. Experimental details

In order to verify the feasibility of the model, this paper builds an experimental environment based on Pytorch and
Ubuntu16.04 system, the CPU model is Intel Core TM i7-6700H, 16G RAM, the GPU model is Nvidia GeFore
GTX2070, and the CUDA version is 10.1.The LOL and LOLv2 datasets are used to verify the algorithms, of which
The LOL dataset contains a total of 400 pairs of low illumination images and their corresponding normal illumination
images, of which 379 pairs are used for training and 21 pairs are used for testing, and the LOLv2 dataset contains
1429 pairs of real scene and synthetic images for training and 200 pairs of real images for testing. The resolution of
the images is 400x600.The data enhancement methods such as cropping, random rotation and mirroring are used
for the training set.The Adam optimizer is selected, the number of batches is 2, the batch size is 256*256, and the
number of rounds of training is 100, the initial learning rate is 1e-4, and the termination learning rate is 1e-6.

lll. B. Analysis of experimental results

lll. B.1) Subjective analysis

To make the subjective visual evaluation fairer, ten low-light images from everyday environments were randomly
selected from the dataset and enhanced using the methods described above. A total of ten testers were invited to
rate the enhancement effects of the different methods (the ratings ranged from 1 to 5, with 5 being the best and 1
being the worst). The results of these ten testers' ratings of the effectiveness of different low-light image
enhancement methods are shown in Fig. 2, where it can be seen that the method proposed in this paper has the
highest score, reflecting the subjective advantages of the method proposed in this paper.
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Figure 2: The distribution of subjective rating results

In order to clearly compare the subjective effects of the above enhancements, this paper visualizes the subjective
visual evaluations in the form of a chart. Five images were selected from the experimental images, and subjective
visual evaluations of detailing, line, color recovery and visual perception were conducted by 50 respondents based
on four questions, namely, “whether the enhanced image has more noise; whether the lines are clear; whether the
colors are natural; and whether the image result is realistic”. Evaluations are graded as “excellent, fair, or poor”, with
the greater the number of “excellent” choices, the better the subjective enhancement. The age of the interviewees
obeyed the normal distribution of 16 to 45 years old, and the main way to get the evaluation is in the form of
questionnaire and online: the questionnaire is mainly filled by the graduate students and teachers; the online survey
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is selected by “Questionnaire Star” online randomly, and the final results are shown in Table 1|

In the table, the enhanced images of MSRCR and MSRNet algorithms do not score high in details, which is due
to the artifacts left under the overexposure in the enhancement process, resulting in noise amplification that affects
the enhancement effect.DeepUPE and RetinexNet are closer to this paper's algorithms in terms of color restoration
and the overall visual experience, and the enhancement of the image contrast is natural and the noise is reduced,
therefore, the obtained number of excellent and moderate votes are comparable. Therefore, the number of excellent
and successful votes are comparable. However, due to the innovation of AM-layer and GAN technology, this paper's
algorithm has the highest subjective score among the four histograms displayed, which is the most subjectively
popular among the experimenters in general. Therefore, the experiment from the subjective visual visualization after
still verified the enhancement effect of this paper.

Table 1: Subjective visual evaluation

Problem 1 Is there a lot of noise in the picture?

Method MSR LIME LLNet Retinex Net This article
Difference 41 43 27 23 14
Medium 15 11 24 27 35
Superior 0 2 4 4 9
Problem 2 Whether the picture lines are clear?

Method MSR LIME LLNet Retinex Net This article
Difference 35 36 20 17 9
Medium 19 17 31 33 35
Superior 2 2 5 7 13
Problem 3 Whether the color of the picture is natural?

Method MSR LIME LLNet Retinex Net This article
Difference 36 34 16 9 7
Medium 9 10 28 31 28
Superior 9 12 14 14 19
Problem 4 Whether the picture result is true?

Method MSR LIME LLNet Retinex Net This article
Difference 39 35 14 7 4
Medium 9 14 24 33 36
Superior 7 5 14 17 22

lll. B.2) Objective analysis

In this section, PSNR, SSIM, LPIPS and MSE evaluation metrics are selected for quantitative comparison with other
algorithms, and the objective evaluation results on LOL and LOLv2 datasets are shown in Tables 2 and 3,
respectively, where the optimal values are bolded.

Comprehensively analyzing the results of Table @ and Table 3, the algorithms of this chapter have optimal PSNR,
SSIM, LPIPS and NMI metrics on the LOL dataset, which are 25.42, 0.911, 0.177 and 1.737, respectively; and on
the LOLv2 dataset, SSIM, LPIPS and NMI metrics are optimal, which are 0.932, 0.232 and 1.729, respectively, with
the SSIM and NMI metrics are higher than the sub-optimal algorithms 0.038 and 0.038. The overall indexes of CMA-
Net are significantly better than the traditional algorithms BPDHE, LIME and Dong.Although the PSNR value of
LLformer on the LOL dataset is the same as the value of CMA-Net and the MSE index achieves the optimal value
of 0.01145, the remaining three indexes are inferior to the algorithms of this chapter, 0.039, 0.056 and 0.035,
respectively, and the five indexes are inferior to the algorithms of this chapter on the LOLv2 dataset. LOLv2 dataset,
the five metrics are inferior to the algorithm of this paper.Surround Net's PSNR and MSE on the LOLv2 dataset are
23.19 and 0.01394, respectively, which are the optimal values of the two metrics, but are only 0.1 and 0.0026 higher
than the algorithm of this paper, and at the same time, the overall metrics on the LOL dataset are inferior to that of
CMA-Net.
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Table 2: Different algorithms are compared in the LOL data set

Method PSNR t SSIM t LPIPS | MSE | NMI t
BPDHE 13.99 0.398 0.611 0.08854 1.652
LIME 15.92 0.423 0.564 0.04664 1.573
Dong 17.73 0.595 0.394 0.04857 1.655
UNet 20.59 0.822 0.329 0.0251 1.65
KinD 21.06 0.859 0.271 0.02012 1.615
SurroundNet 24.15 0.861 0.245 0.01193 1.691
LLformer 25.42 0.872 0.233 0.01145 1.702
Ours 25.42 0.911 0.177 0.01205 1.737

Table 3: Different algorithms are compared in LOLv2 data sets

Method PSNR t SSIM t LPIPS | MSE | NMI t
BPDHE 15.66 0.466 0.529 0.05418 1.659
LIME 18.84 0.612 0.419 0.03416 1.593
Dong 19.79 0.623 0.406 0.03044 1.636
KinD 19.47 0.812 0.519 0.02497 1.573
UNet 19.46 0.824 0.401 0.02666 1.591
LLformer 22.12 0.859 0.332 0.01708 1.662
SurroundNet 23.19 0.894 0.271 0.01394 1.691
Ours 23.09 0.932 0.232 0.01654 1.729

The PSNR and SSIM metrics for single images on the LOL and LOLv2 test sets are shown in Figures 3/ and ﬂ
respectively. Comprehensively analyzing the results of Fig. 3/and Fig. 4, most of the single images achieve the best
PSNR and SSIM values, such as the images with horizontal coordinates of 6 and 11 in Fig. 3. The folding line of this
algorithm is located at the upper edge of the folding line of the comparison algorithm, and only a few coordinate
points are located at the lower edge of the folding line of the comparison algorithm, which indicates that this algorithm
is more advantageous than the comparison algorithm because of its obvious efficacy in enhancing the global pixel
information and preserving the structure of the image. In summary, the low illumination image enhancement
algorithm based on Retinex theory and convolutional neural network is better than the comparison algorithm in five
indexes, and the PSNR and SSIM indexes are located in the upper edge of the image, which indicates that the low
illumination image enhancement algorithm based on Retinex theory and convolutional neural network has superior
performance, and it can reason the mapping relationship between low illumination image and normal illumination
image well. The mapping relationship between low illumination image and normal illumination image can be
reasoned well.
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UNet — Dong
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Figure 3: The single image contrast of the lol data set
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Figure 4. Comparison of single image on lolv2 data set

IV. Conclusion

The method in this paper has achieved remarkable results in low illumination image enhancement. The detalil
enhancement and visual effect recovery of low illumination images are realized by decomposition and enhancement
of light and reflection components based on Retinex theory, combined with convolutional neural network (UNet). The
experimental results show that on the LOL dataset, the PSNR value is 25.42 and the SSIM value is 0.911, both of
which are better than other traditional algorithms, such as BPDHE (PSNR is 13.99 and SSIM is 0.398) and LIME
(PSNR is 15.92 and SSIM is 0.423). In addition, on the LOLv2 dataset, the PSNR value is 23.09 and SSIM is 0.932,
which is also better than LLformer (PSNR of 22.12 and SSIM of 0.859) and SurroundNet (PSNR of 23.19 and SSIM
of 0.894) among the compared algorithms.

From the subjective evaluation results, it shows high scores in noise removal, line clarity, color naturalness and
image realism, which further validates its advantages in visual effects. Compared with other algorithms, the method
in this paper is more advantageous in preserving image details and structure, and can better recover important
information in low-light images.

In summary, the low-light image enhancement method based on Retinex theory and convolutional neural network
performs well in all the evaluation indexes, can effectively improve the details and visual quality of low-light images,
and has strong application potential and practical value.
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