International Journal of Innovative
Computing, Information and Control ICIC International (©2024 ISSN 1349-4198
Volume 20, Number 2, April 2024 pp. 479-496

LOW-LIGHT IMAGE ENHANCEMENT USING ASYMMETRIC
CONVOLUTIONAL NEURAL NETWORKS

JIAJIA LIU* AND ZHIXIANG DENG

Institute of Electronic and Electrical Engineering
Civil Aviation Flight University of China
No. 46, 4th Section, Nanchang Road, Guanghan 618307, P. R. China
dzxcafuc@163.com
*Corresponding author: cafucljj@cafuc.edu.cn

Received June 2023; revised October 2023

ABSTRACT. In response to the challenges posed by high noise, low brightness, and inade-
quate detail information in low-light images, this paper presents a mowvel approach for
enhancing such images using a convolutional neural network (CNN) with asymmetric
convolution kernels. Firstly, the low-light image is decomposed by a decomposition net-
work, resulting in the extraction of the reflection component and the brightness com-
ponent, which are then fed into the enhancement network. The enhancement network
includes a denoising component and an illumination compensation component. In the
denoising component, a novel asymmetric convolution kernel is introduced to replace
the conventional square convolution kernel typically used for denoising the low-light re-
flection component. This innovative kernel design reduces the parameter operation load
while yielding superior denoising performance. By employing this approach, the method
achieves notable improvements in denoising effectiveness. In the illumination compen-
sation component, a Convolutional Block Attention Module (CBAM) with an attention
mechanism is introduced to suppress redundant information in the background of the
low-light brightness component, while simultaneously enhancing high-weighted brightness
and detail information. Finally, the denoised low-light reflection component and the en-
hanced low-light brightness component are fused to reconstruct the final enhanced image.
Ezxperimental evaluations validate the effectiveness of the proposed method. The results
demonstrate improvements in evaluation parameters such as Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), and Mean Squared Error (MSE). These
improvements substantiate the ability of the proposed method to enhance low-light im-
ages, offering superior image quality while preserving essential details and minimizing
noise artifacts.

Keywords: Image enhancement, Convolutional neural network, Asymmetric convolu-
tion kernel, Attention mechanism

1. Imtroduction. Digital images play a crucial role in everyday life as they serve as
important carriers for acquiring, transmitting, and receiving information. A significant
number of digital images suffer from blurred details in shadow regions due to various
factors such as nighttime shooting, backlighting during dusk, and occlusions caused by
obstacles. This not only diminishes the visual quality of the images but also affects sub-
sequent computer vision tasks such as object detection and 3D modeling. Hence, it is
of great importance to undertake research focused on enhancing images captured under
low-light conditions [1].

Low-light image enhancement methods can be mainly categorized into two types: tra-
ditional algorithms and deep learning methods. However, the algorithms built based on
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traditional methods often process different channels of the image separately, which can
lead to the presence of noise. Since the emergence of convolutional neural networks, low-
light image enhancement algorithms based on neural networks have greatly improved color
distortion and random noise in image processing [2-6]. However, they still face challenges
in dealing with residual noise and preserving details adequately. To address these chal-
lenges, this paper presents a Asymmetric Convolution and Convolutional Block Attention
Module based on Retinex Network, which is shorted as ACARNet to address the issues of
noise reduction and image detail enhancement, ultimately leading to significant improve-
ments in overall image quality. Firstly, by employing asymmetric convolutional kernels,
the feature extraction capability of the low-light reflection component is enhanced, reduc-
ing the influence of image noise. Simultaneously, a color evaluation is conducted between
the enhanced image result and the target image to avoid color distortion in the low-light
reflection component during the denoising process, preserving color information. More-
over, this study incorporates a Convolutional Block Attention Module (CBAM) attention
mechanism for enhancing brightness in low-light images by extracting luminance features
more effectively. The CBAM attention mechanism plays a crucial role in improving the
brightness of the low-light brightness component, thereby enhancing image details. By
skillfully fusing and reconstructing the processed low-light image reflection component
and brightness component, it becomes possible to significantly reduce noise, enhance im-
age details, and achieve remarkable brightness enhancement.

1) An asymmetric convolution kernel is proposed to replace the traditional square con-
volution kernel for denoising the low-light reflection component.

2) The CBAM is introduced for brightness enhancement in low-light images to further
extract luminance features.

3) We propose a new loss function in the domain which corrects in the low-light under-
exposed images effificiently and can be plugged into any deep framework easily without
additional cost.

4) We verifified the improvement by conducting subjective experiments and observed
that the improvement in scores is consistent with human judgement.

This article is organized in the following order. In Section 2, we review the classical
approaches and deep learning-based approaches for low-light image enhancement tasks.
In Section 3, we introduce the proposed frameworks and describe the loss function used
for low-light image enhancement. In Section 4, we provide the details of our experiments
by providing information about the datasets we have used in training and testing our
methods. We present comparative performance evaluation results derived from the exper-
iments on different datasets and also a comparison with other studies that used similar
datasets. Lastly, the concluding statements are presented in Section 5.

2. Related Work.

2.1. Classical approaches. In traditional low-light image enhancement methods, the
common approach is to process the luminance channel of the image in different color
spaces. Jobson et al. [7] proposed Single-Scale Retinex (SSR), which estimates the illumi-
nation component using a low-pass filter. This method has low computational complexity
and is relatively simple to implement. However, it tends to lose image details and intro-
duce color distortion, making it difficult to accurately determine the scale. Jobson et al. [§]
also introduced the Multi-Scale Retinex (MSR) to address the scale problem of SSR, but
it does not effectively solve the issue of color distortion. Rahman et al. [9] proposed Color
Restoration Retinex (MSRCR), which better restores image colors, enhances the image
while suppressing noise amplification, and improves color fidelity. Guo et al. [10] focused
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on estimating the structured illumination map from an initial one (LIME), which only
processes the brightness component (LIME). It constructs a luminance map by finding
the maximum value among the R, G, and B channels and then applies an algorithm based
on augmented Lagrange multipliers to refining the luminance component and obtaining
an enhanced image. LIME achieves an improvement in visual quality but is prone to col-
or distortion. Traditional low-light image enhancement methods based on the luminance
channel processing often encounter the following two problems: 1) ineffective extraction
of illumination components from images with illumination variations, leading to loss of
shadow details from low to high illuminations; 2) inaccurate estimation of illumination
values, resulting in the presence of noise in the illumination compensation under low-light
conditions.

2.2. Deep learning-based approaches. Fortunately, in recent times, learning-based
methods utilizing Convolutional Neural Networks (CNNs) have achieved remarkable suc-
cess in the field of low-light image enhancement [11]. In addition to [2-6], we have list-
ed more algorithms to demonstrate the advantages of deep learning-based approaches.
These methods have exhibited exceptionally high performance and have surpassed con-
ventional prior-based enhancement approaches [12-17]. To more effectively address the
aforementioned problems, researchers have recently attempted to combine the Retinex
theory with deep learning methods for enhancing low-light images. Shen et al. [18] pro-
posed the low-light net (MSR-Net), which is designed to simulate the traditional MSR
algorithm. It primarily learns the mapping relationship between the dark channel and
the bright channel and replaces the Gaussian surround function with convolutional lay-
ers. The low-light /normal-light images are used as the input and output of the network,
respectively. This method avoids color distortion and excessive enhancement of bright-
ness but does not yield significant overall brightness improvement and fails to preserve
image details adequately. Wei et al. [19] introduced the Deep Retinex-Net (Retinex-Net),
which consists of the Decom-Net for decomposition and the Enhance-Net for enhancement.
This model is trained in a data-driven manner. Retinex-Net effectively improves image
brightness but suffers from blurring of the reflection component at image edges due to
the denoising operation using the denoising tool (BM3D [20]) module before reconstruc-
tion and fusion. Zhang et al. [21] constructed a convolutional neural network (KinD-Net),
which performs denoising on the reflection component of low-light images and enhances
the luminance component, resulting in excessive image sharpening. Jiang et al. [22] pre-
sented the low-light net (EnlightGan) for enhancing low-light images, using self-extracted
information from input images to normalize training on unpaired images. However, this
method tends to produce regional color artifacts, compromising visual quality. While the
aforementioned methods have shown improvements in brightness, they still suffer from
the presence of residual noise and inadequate preservation of details.

Our work is motivated from and close to the work done by [21]. In this work, the authors
created the KinD-Net and decomposed a Layer Decomposition and Reflectance Restora-
tion architecture for low-image enhancement. However, we contribute a new framework-
independent loss function which works for images and performs signifificantly better than
their solution.

3. Proposed Approach.

3.1. Retinex theory. The fundamental idea of the Retinex theory is to eliminate the
influence of the incident component on the reflectance component, thereby achieving image
enhancement [23]. According to the Retinex theory, the observed image by the human eye
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can be divided into the intrinsic reflectance component of the object and the brightness
component. This can be represented by Formula (1):

Ly = By Ly (1)
where L represents the imaging of the human eye, R represents the reflectance component,

I represents the brightness component, and (z,y) represents the pixel at any given point.

3.2. Framework. This paper is based on the consistency theory in Retinex theory, where
the reflectance component is considered as the intrinsic attribute of an image. The pro-
posed neural network, ACARNet combines asymmetric convolutional kernels with atten-
tion mechanisms. The model structure is illustrated in Figure 1 and consists of two main
parts: the Decom-net for decomposition and the Enhance-net for enhancement.
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F1GURE 1. The proposed ACARNet architecture

The Decom-net handles paired normal and low-illumination images and decomposes
them into the reflectance component Rpgn, R0 and the brightness component Ip;gn,
I} Firstly, the paired images undergo 3 x 3 convolution operations and ReLU acti-
vation function. The convolution extracts image features, while the activation function
adjusts and updates the linear relationship of the model’s parameter weights, mapping
the features to the reflectance component Rp;gn, R0 and the brightness component Iy,
L}, allowing the neural network to learn optimal results. The presence of max pooling
reduces the dimensionality of the image features and further extracts features. Then, the
image dimensions are enlarged through upsampling, followed by a convolution operation
with a replicated image of the same dimension, resulting in a new feature map with a
dimension of 3. The triple concatenation helps to preserve image details in the brightness
component. Another convolution is performed to generate a new feature map. Finally,
the Sigmoid activation function is used to constrain Rpgn, Riow and Inigh, fio, Within the
range of (0, 1).

The Enhance-net consists of a denoising component and an illumination compensation
component. Firstly, the low-illumination reflectance component Ry, is denoised, and the
illumination information of the low-illumination brightness component I, is enhanced.
Then, the final enhanced result image is obtained by fusing them with certain weights.
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1) Denoising component

Due to the interference of factors such as illumination and exposure during the acqui-
sition of low-illumination images, a significant amount of noise is often present, which
can deteriorate the visual quality and blur the image details. Therefore, it is necessary to
perform denoising on Ry, to preserve the fine details of the image. In this paper, an im-
proved network structure called New RED-Net (NRED-Net), based on the RED-Net [24],
is utilized for denoising R;,,. The RED-Net network architecture consists of convolution-
al layers and deconvolutional layers. RED-Net exhibits remarkable Gaussian denoising
capabilities. However, although symmetric network structures have certain advantages,
they are relatively complex with a large number of parameters. They also have redundant
training data, leading to increased training difficulty and longer training time. The use of
RED-Net can result in performance degradation and extended training time. To address
these issues, this paper proposes a method to reduce the computational complexity and
improve algorithm performance by replacing the core convolutional layer’s kernel. By fus-
ing and replacing the original standard square 3 x 3 kernel with a combination of a 3 x 1
kernel and a 1 x 3 kernel, better performance and enhanced representational capability can
be achieved through training [25]. To preserve image information, only the convolutional
layer’s kernel in RED-Net is replaced, while the deconvolutional layer remains unchanged.
The advantage of this approach is that it significantly improves algorithm performance
and reduces training complexity. This kernel replacement method can effectively enhance
the reconstruction quality of low-illumination images and preserve more detailed infor-
mation, achieving desirable results. Figure 2 illustrates the architecture of the denoising
subnetwork, including the kernel replacement structure.
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F1GURE 2. The architecture of the reflection denoising component

After the replacement, the number of parameters is reduced, and the modified model
does not require additional computational cost. However, the model can be trained to
achieve higher performance. Additionally, NRED-Net performs corresponding max pool-
ing operations and upsampling, followed by convolution to generate a feature map with
a dimension of 3. Finally, the Sigmoid activation function is applied to activating the
denoising part of the low-illumination reflection component image.

2) Numination compensation component

To address the issues of information blur and difficult-to-discern details in the bright-
ness component I, of the Decom-net for low-illumination images, this paper introduces
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FIGURE 3. The architecture of the illumination compensation component

the Convolutional Block Attention Module (CBAM) [26] attention mechanism. The uti-
lization of CBAM can effectively enhance the processing capability for low-illumination
images and improve the clarity and recognition accuracy of the brightness component I,
in the Decom-net. CBAM is a lightweight feed-forward convolutional neural network that
is highly suitable for computer vision tasks. The architecture of the light compensation
sub-network, including the CBAM structure, is depicted in Figure 3.

CBAM, as a lightweight and versatile module, can be integrated into any CNNs frame-
work. As shown in Figure 3, the brightness component I;,,, of the low-illumination image
undergoes convolution and max pooling operations before being fed into the CBAM mod-
ule. There are three CBAM modules in total. After passing through a regular convolution
layer, a 3-dimensional feature map is generated, which is then constrained and activated
by the Sigmoid activation function. CBAM redistributes the weights of the input feature
map to create a new feature map. Channel attention enhances the weights of effective
channels, focusing on areas with higher weights. Spatial attention exploits the non-local
correlation of the feature map to capture the distribution of noise in different regions,
enabling the mapping of the brightness component to remove corresponding noise. Glob-
al max pooling and global average pooling operations are used to extract rich high-level
features.

The Enhance-net generates the denoised low-illumination reflection component R;
and the light-compensated low-illumination brightness component I/ . These components

low*
are multiplied element-wise to produce an image with normal brightness.

3.3. Loss function. According to the Retinex theory, the reflection component is an
inherent property of objects. The loss function Lpe.., of the decomposition network
consists of three parts. The first part, L}, . includes the reconstruction loss L. and
the reflection component loss L,, aiming to minimize the discrepancy between the image
and the product of the decomposed reflection component and the brightness component.
It also encourages the low-light image’s reflection component to be close to that of the
normal-light image. The mathematical expressions are as follows, given by Equations (2),

(3), and (4):
Lpecom = Lre + ALy (2)
Lye = || Liow — Riow * Liowll1 + || Lhigh — Rnigh - Inignll1 (3)
L, = || Riow — Rnignl3 (4)
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In the equation, Ry, and I, represent the low-light decomposed reflection compo-
nent and brightness component generated by the decomposition network. Rp;g, and Ipigh
represent the normal-light decomposed reflection component and brightness component
generated by the decomposition network, and their product represents the directly fused
mapping image. A, denotes the weight parameter, || ||; represents the L1 norm operation,
and || ||o represents the L2 norm operation.

The second part of the loss function, L%, incorporates the smoothness consistency
loss from the KinD-Net, which exhibits strong gradient preservation capabilities. It is
formulated as Equation (5):

} )
1

In Equation (5), V represents the first-order derivative operator with respect to the
horizontal direction X and the vertical direction Y. Ly, and Ly, represent the input
low-light and normal-light images, respectively. The value £; denotes a small positive
constant, such as 0.01, to prevent division by zero in the equation. || represents the
absolute value operation, and \; represents a weight parameter.

In the third part, the decomposition network of the low-light image is guided by rich fea-
tures from real images. Here, the Charbonnier loss [27] is employed, as shown in Equation

(6):

vIlow

V1nigh
L? =\ .
Decom H‘ max (|VLlow|> 51)

1 Hmax(|VLhigh|a51)

LC’haT’bonnier = \/HRz[z - L:(H + 5%7 (S (l0w7 hlgh) (6)

In Equation (6), L* represents the input ground truth image, and &5 is a constant factor
set to 1073 in the experiments. Therefore, the overall loss function of the decomposition
network is the sum of the three individual loss functions. This combined loss function
guides the training process of the network to simultaneously minimize the reconstruction
loss, ensure consistency between the low-light and high-light components, and leverage
the rich features from real images for accurate decomposition.

The proposed loss function for denoising the reflection component in the Enhance-net
is expressed as Equation (7):

Lreﬁect = HRgow - Rhith2 + HVR/ - VRhith2 + )\cholor (7)

low

In Equation (7), Rj,, represents the denoised low-light reflection component, and A,
denotes the weight parameter. To prevent image distortion and evaluate the color fidelity
between the enhanced image result and the target image, a color loss function Ly
based on the Grey-World algorithm [28] is introduced. This Ly function constrains the
relationship between the three channels to correct color errors within each channel. It is
expressed as Equations (8) and (9):

B
gray = % (8)

N - - _
Leotor = \/Zkzl Wik (CZ - g’r‘ay)2’ Cz c (R, G, B) (9)

In Equations (8) and (9), R, G, B represent the average values of the three color
channels in the enhanced image. gray represents the average grayscale value, Wi is a
weight parameter with a value of 1/3, and N is a constant equal to 3. The loss function
imposes constraints on the three-channel components, aiming for their mean values to be
consistent.
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The loss function proposed for enhancing the brightness compensation component of
low-light images in the enhancement network is expressed as Equation (10):

Lenhance = ||Il,ow - Ihigh”; + ijllow - V[hith; (10)

4. Experiments. The experiments were conducted using a Windows 10 operating sys-
tem with a computer configuration of 4GB RAM, i5 2.50GHz processor, 16GB of running
memory, and an NVIDIA GeForce RTX 3050 GPU with CUDA version 11.2. The soft-
ware platform used was PyCharm. The experimental image dataset used was the LOL
dataset, which consists of 500 low-light and normal-light images, with 485 images in the
training set and 15 images in the testing set. Additionally, the NPE dataset [29], ExDark
dataset [30] and VV dataset [31] were also used, with 84 low-light images selected from
the NPE dataset, 242 randomly selected images from the ExDark dataset and 24 images
from the VV dataset.

The experimental parameters were set as follows: A\, = 0.01, \; = 0.15, A, = 0.004.
We referred to the parameter settings in [19] to determine the approximate parameter
range, and then conducted multiple experiments to finally determine the parameter values.
In order to verify the rationality of the selected value parameters, we conducted the
following experiments: in the LOL dataset, the model was trained with A., A;, and A,
values of half, original, and twice, respectively. 15 images in the testing set with enhanced
brightness were obtained. Peak Signal-to-Noise Ratio (PSNR) [32], Structural Similarity
Index (SSIM) [33], and Mean Squared Error (MSE) are used as evaluation criteria. PSNR
measures the quality of the image by calculating the pixel-wise error, and a higher PSNR
value indicates better enhancement. SSIM is used to evaluate the similarity between the
original and enhanced images, and a higher SSIM value indicates better enhancement.
MSE represents the mean squared error between the original and enhanced images. For
the first two metrics, higher values indicate better performance (represented as ‘1’ in this
study). As for the MSE metric, lower values indicate better performance (represented as ‘]’
in this study). The average values of these metrics for the LOL datasets are summarized in
Table 1. The number of iterations for the Decom-net and the illumination compensation
component of the Enhance-net was set to 2000, while for the denoising component of the
Enhance-net, it was set to 1000. The learning rate was set to 0.0001, and the optimizer
used was Adam.

TABLE 1. Experimental parameters setting verification

Image group Target Values of half Values of twice Values of original image

PSNR?T 19.633 19.050 19.860
A SSIM? 0.762 0.765 0.783
MSE/ 0.043 0.041 0.038
PSNR? 18.903 18.962 19.860
\i SSIM? 0.735 0.766 0.783
MSE/ 0.048 0.040 0.038
PSNR? 19.256 19.213 19.860
Ao SSIM? 0.750 0.757 0.783
MSE] 0.046 0.045 0.038

In Table 1, taking A, as an example, whether the parameter value is reduced or ex-
panded, the number of PSNR, SSIM, and MSE will decrease. \; and A, are also the same.
So we get A\, = 0.01, A\; = 0.15, A\, = 0.004.
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4.1. Validation of the effectiveness of the Decom-net. This section primarily vali-
dates the impact of adding Charbonnier loss in the decomposition network on the quality
of image decomposition. Additionally, a comparison was made between the proposed al-
gorithm and the KinD-Net [21], as they share similarities in the decomposition process.
The comparison results are shown in Figure 4.

(b) The reflection (¢) The brightness (d) L (e) The reflection (f) The brightness

F1GURE 4. Comparison of Decom-net result

As for the mutual consistency, the method used by KinD-Net was to preserve strong
mutual edges and depress weak ones. However, it is difficult to distinguish between strong
mutual edges and weak ones. To solve this problem, the proposed algorithm incorporates
Charbonnier loss in the loss function to ensure the consistency of the reflectance compo-
nents between low-light and normal-light images. Directly use the plentiful features of real
images for pixel level mapping of low illumination images to avoid distinguishing between
strong and weak mutual edges. Besides, the brightness component contains a significant
amount of low-frequency information, and this loss function helps to achieve maximum
smoothness and uniformity in the brightness component while preserving fine details.
From Figure 4, it can be observed that the proposed method yields smoother bright-
ness components for both low-light and normal-light images compared to the KinD-Net.
The presence of fewer high-frequency details in the brightness component allows for more
comprehensive feature extraction from the images. The smoother nature of the brightness
components in the proposed algorithm contributes to the preservation of image details
while promoting a more uniform representation. This leads to improved feature extraction
capabilities and enhances the overall performance of the algorithm.

4.2. Validation of the effectiveness of the Enhance-net.

1) Denoising component

To validate the effectiveness of NRED-Net on low-light reflectance components, a com-
parative experiment was designed by removing certain components from the loss function.
Specifically, the color loss was excluded from the loss function of NRED-Net for denoising
the reflectance component R;,,. The resulting denoised reflectance component is denot-
ed as R, coror: and the corresponding restored brightness map is denoted as Liyy; op-
Additionally, a separate experiment was conducted without utilizing the NRED-Net net-
work structure, where the complete loss function was used to train a denoising model. The
outcome of this experiment is represented by Rj,,, yrgp, and the corresponding restored
brightness map is denoted as L)ypzp. The results obtained by the proposed algorithm
are denoted as Rj,,, with the corresponding restored brightness map denoted as L’. The
original low-light image is represented as L. The comparative effects are illustrated in
Figure 5 and Figure 6.

From Figures 5 and 6, it can be observed that the denoised reflectance image R)_, coLor
obtained without using the color loss exhibits color distortion, as seen in Figure 5(b) where
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FIGURE 5. Module removal comparison (1)

(g) L

FIGURE 6. Module removal comparison (2)

there are black redundant regions in the background, and the overall brightness enhance-
ment in the generated restored brightness map, as shown in Figure 5(c), is not significant.
The denoised reflectance image R),, yrgp obtained without utilizing the NRED-Net net-
work structure contains some noise artifacts, such as the edges of the storage cabinet on
the left side in Figure 6(e), and the generated restored brightness map also suffers from
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noise contamination. In contrast, the denoised reflectance image Rj,, obtained using the

NRED-Net approach shows natural enhancement in brightness, well-preserved color, and
clear contours.

Furthermore, to objectively evaluate the denoising performance, several quality metrics
were utilized, including Information Entropy (IE), Standard Deviation (SD), and Natural
Image Quality Evaluator (NIQE) [34]. For the first two metrics, higher values indicate
better performance, indicating richer image information and details. As for the NIQE
metric, lower values indicate better performance, indicating closer resemblance to natural
images. These metrics measure image information content, image variability, and natu-
ralness, respectively. The average values of these metrics for the image sets in Figures 5
and 6 are summarized in Table 2.

TABLE 2. Comparison of indicators of the removal module of the enhanced
network denoising component

Image group IE1T SD1 NIQE |
L 6.732  41.752  11.200
Rlw coror 6964  54.043 11.432
owNRED 0781 46.781  13.611
low 7.222 57.911 10.314
L'coror 6.843 40.792  10.972
'NRED 6.494 35.442  13.650

L 6.950 43.200 10.531

From Table 2, it can be observed that the proposed method, which utilizes the NRED-
Net network structure and incorporates the color loss, achieves higher values in most of
the evaluated parameters compared to the algorithms that solely utilize the color loss or
the NRED-Net network structure alone. This validates the effectiveness of the denoising
component in the enhancement network of the proposed algorithm.

2) Ilumination compensation component

To verify the brightness enhancement effect of CBAM on the low-light brightness com-
ponent, this section compares the algorithm with CBAM to the case where CBAM is
removed. Specifically, one set of images is processed without CBAM, denoted as Iz,
and the corresponding restored luminance image is denoted as Liyz,4,,. The other set of
images includes the introduction of CBAM in the proposed algorithm, denoted as Ij,,,
and the corresponding restored luminance image is denoted as L', with the low-light image
denoted as L. The comparison results are shown in Figures 7 and 8.

From Figure 7, it can be observed that CBAM performs information filtering on the
global low-light image and suppresses the background redundant information, resulting
in enhanced brightness of the low-light brightness component. For example, in Figure 7,
the edges of the oven door and the windows of the stadium are more distinct. Figure

(a) L () Iepam (©) Ly (d) L () Icpam () Lipw

F1GURE 7. Comparison of whether CBAM is used
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(a) L/C’BAM

F1cURE 8. Comparison of normal illumination map generated by CBAM or not

TABLE 3. Comparison of indicators of the removal module of the CBAM

Image Image group IET SD1T NIQE |

L 4763 9213 12243
Lpaw 2592 10.211  22.722

Oven I, 3.481 22.013 17.861
Lypay 6990 41.074  14.742

U 7.033 41.240 12.983

L 4452 14.031  14.020

L BAM 1.381  4.082  20.750
Gymnasium I . 1.983  4.404  19.752

Lypay 6344 30474 13721
L 6.372 30.741 12.282

8 demonstrates that the visually appealing high-brightness images are generated when
CBAM is utilized, with richer details in the floor of the stadium, as shown in Figure
8. Furthermore, to objectively evaluate the brightness enhancement effect, IE, SD, and
NIQE are used to compare the brightness component images restored with and without
CBAM, as well as the corresponding generated high-brightness images. The results are
presented in Table 3.

From Table 3, it can be observed that the information entropy, standard deviation,
and natural image quality evaluation of the low-light brightness component image and
the corresponding restored brightness image with CBAM are higher than those without
CBAM. This verifies the effectiveness of introducing CBAM.

4.3. Generalization ability. To validate the universality of the proposed algorithm and
ensure its applicability in various scenarios, a universality validation is conducted using
multiple datasets, including the LOL dataset, NPE dataset, ExDark dataset, and VV
dataset. Specifically, 15 low-light images from the LOL dataset, 84 images from the NPE
dataset, 24 images from the VV dataset, and 242 randomly selected images from the
ExDark dataset are chosen for the universality validation. The comparison results are
shown in Figure 9. Figure 9 illustrates the comparative performance of the algorithm
on different datasets, showcasing its ability to handle diverse low-light scenarios. The
results demonstrate that the proposed algorithm consistently achieves improved image
quality and effective enhancement across various datasets, reinforcing its universality and
robustness.

In Figure 9, the images are arranged in pairs, showing the low-light images from the
datasets and the corresponding enhanced images using the proposed algorithm. Each
dataset consists of three selected images to demonstrate the effectiveness of the image
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(a) LOL dataset

(d) ExDark

FiGure 9. Comparison of effects of different data sets before and after
algorithm enhancement in our method

enhancement. From Figure 9, it is evident that the proposed algorithm significantly im-
proves the brightness of the images. Furthermore, to objectively evaluate the improvement
in image quality achieved by the algorithm, three quality evaluation metrics are used: IE,
SD, and NIQE. The average values of these metrics are computed for each dataset, with
the low-light images denoted as L and the enhanced images denoted as L’. The results
are presented in Table 4. Table 4 shows the average values of the three evaluation metrics
for the datasets used in this study. The results demonstrate that the proposed algorithm
effectively enhances image quality, as indicated by higher IE and SD values and lower
NIQE values. This confirms the improved visual quality and naturalness of the enhanced
images produced by the algorithm.

From Table 4, it can be observed that the proposed algorithm improves and enhances
various metrics across all datasets. Particularly, the SD value for the LOLdataset is
increased fourfold, indicating the most significant improvement in image enhancement.
These results validate that the proposed algorithm effectively enhances the details and
brightness of low-light images, demonstrating its strong universality and robustness.

4.4. Evaluation. To compare the proposed algorithm with MSR [8], MSRCR [9], Retin-
ex-Net [19], LIME [10], and KinD-Net [21], representative images from the LOL dataset
are selected for comparison. The results are shown in Figure 10.

In Figure 10, MSR, MSRCR, Retinex-Net, LIME, and KinD-Net are compared in
terms of their impact on image brightness. These algorithms show varying degrees of
improvement in image brightness. However, MSR and MSRCR algorithms exhibit more
overall noise, and in G1, there is color distortion around the wooden vertical bar on the
left, as well as color distortion in the wardrobe in G2. The Retinex-Net algorithm also
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TABLE 4. Comparison of evaluation indicators of different data sets before
and after algorithm enhancement in our method

Dataset Image group IE 1T SD1 NIQE |
(a) LOL dataset L 4.700 10.070 11.233
r 6.930 43.420 10.012
L : : 10.741
(b) VV 6.630 69.880 10.7
r 7.360 75.270 10.293
(c) NPE L 6.890 56.982 12.603
L 7.330 66.200 12.042
(d) ExDark L 5.840 40.614 12.343
r 6.930 56.873 11.550

' _f L 1
— —IE’“rajﬁ

(a) Liow (b) Lnigh ¢) MSR [8 d MSRCR [9] (e) Retinex-Net [19] () LIME [10] (g) KinD-Net [21] (h) Ours

FiGure 10. Comparison of enhancement effects of different algorithms in
LOL dataset

suffers from color distortion, with green color distortion appearing in the bookshelf in G3.
The results of the LIME algorithm do not adequately preserve the details, resulting in less
clarity. For example, the objects around the doll in G1 appear darker overall. KinD-Net
tends to oversharpen image details, leading to the loss of details in brighter areas. For
instance, the details of the wooden vertical bar on the left in G1 are not easily observable.
In contrast, the proposed algorithm in this paper achieves a natural color restoration
and rich hierarchical details. To objectively evaluate the algorithm’s performance, PSNR,
SSIM, and MSE are used as evaluation criteria. The comparative results are shown in
Table 5.

In Table 5, the proposed algorithm performs the best in several evaluation metrics,
particularly in terms of MSE and SSIM, indicating that it enhances image quality with
minimal distortion. Additionally, it demonstrates good performance in contrast enhance-
ment and exhibits a certain level of robustness. In summary, the proposed algorithm
exhibits good universality and robustness. Furthermore, to ensure the algorithm’s gener-
alizability, a comparison is conducted between the proposed algorithm and other different
algorithms using the NPE dataset. The results are shown in Figure 11.

From Figure 11, it can be observed that the selected comparative algorithms have
considerable effects on enhancing low-light images. Overall, the MSR algorithm, MSRCR
algorithm, and Retinex-Net algorithm exhibit varying degrees of color distortion. The
LIME algorithm lacks sufficient improvement in brightness, as seen in Figure 11 where
the brightness enhancement in the vegetation of G3 is not very pronounced. The KinD-
Net algorithm suffers from oversharpening, as evident in Figure 11 where the feathers of
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TABLE 5. Comparison of low illumination image enhancement effects of
different algorithms in LOL dataset

Image Target MSR  MSRCR  Retinex-Net LIME  KinD-Net Ours
group 8] 9] [19] [10] [21]
PSNRt 15.140  13.510 17.900 12.370 19.500  23.550
G1 SSIM1T  0.800 0.680 0.670 0.760 0.930 0.940
MSE]  0.300 0.044 0.016 0.057 0.011 0.004
PSNR1 18.080 12.600 8.750 6.340 8.880 10.050
G2  SSIMT 0.850 0.780 0.360 0.350 0.430 0.450
MSE] 0.020 0.054 0.133 0.232 0.129 0.098
PSNR?T 28.890 21.780 25.070 14.080 25.550 28.270
G3  SSIM?T  0.790 0.640 0.570 0.500 0.880 0.900
MSE]  0.010 0.026 0.012 0.156 0.011 0.005

G2

>

() Bien (b)MSR [8]  (c) MSRCR [9] (d) Retinex-Net [19] (e) LIME [10] () KinD-Net [21]  (g) Ours

FiGure 11. Comparison of enhancement effects of different algorithms in
NPE dataset

the bird in G1 appear overly sharp, and there is a color deviation between the wire mesh
and the middle vegetation in G2. In contrast, the proposed algorithm maintains natural
colors, clear contours, and natural brightness enhancement. The comparative results are
shown in Table 6.

From Table 6, it can be observed that the proposed algorithm performs well across all
three image groups, particularly excelling in the MSE metric. This indicates that the al-
gorithm can enhance image quality with minimal distortion. Furthermore, the algorithm
demonstrates the best performance in terms of PSNR and SSIM metrics in G1 and
G3. These results collectively highlight the advantages of the proposed algorithm across
multiple evaluation metrics.

5. Conclusion. This paper proposes a method for enhancing low-light images using a
neural network with asymmetric convolutional kernels combined with an attention mech-
anism. The neural network framework consists of a decomposition network and an en-
hancement network, with the enhancement network comprising a denoising component
and an illumination compensation component. The main contributions of this paper are
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TABLE 6. Comparison of low illumination image enhancement effects of
different algorithms in NPE

Image Target MSR  MSRCR  Retinex-Net LIME  KinD-Net Ours
group 8] 9] [19] [10] [21]
PSNRT 6.390 7.330 9.040 13.390 14.370  19.350
G1 SSIM1T  0.210 0.240 0.250 0.340 0.420 0.730
MSE| 0.229 0.184 0.124 0.045 0.036 0.011
PSNRT 5.860  10.950 11.220 13.360 12.820  13.640
G2 SSIMt  0.520 0.610 0.630 0.720 0.730 0.780
MSE]  0.259 0.080 0.075 0.046 0.052 0.043
PSNRT 7.970  14.840 13.140 17.330 15.650  19.260
G3 SSIM1  0.690 0.790 0.770 0.870 0.810 0.920
MSE] 0.159 0.099 0.048 0.018 0.027 0.011

as follows: in the decomposition network, the Charbonnier loss is introduced in the loss
function to enforce smoothness and uniformity in the low-light luminance component. In
the denoising component of the enhancement network, the RED-Net model is improved
by using asymmetric convolutional kernels to denoise the low-light reflectance component.
Additionally, a color loss term is added to the loss function to mitigate color distortion
during the denoising process. In the illumination compensation component of the en-
hancement network, the attention mechanism CBAM is introduced to enhance the image
enhancement results. Experimental results demonstrate the effectiveness and generaliza-
tion capability of the proposed algorithm. It can be observed that the algorithm improves
both image quality and visual effects. However, it should be noted that currently, there
is a scarcity of low-light /normal-light image datasets, and the process of creating such
datasets is laborious. Further research is needed to explore no-reference methods for en-
hancing low-light images in the future.
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