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Abstract

With the development of the field of deep learning, image recognition,
enhancement and other technologies have been widely used.However,
dark lighting environments in reality, such as insufficient light at night,
cause or block photographic images in low brightness, severe noise, and
a large number of details are lost, resulting in a huge loss of image
content and information, which hinders further analysis and use. Such
problems not only exist in the traditional deep learning field, but also
exist in criminal investigation, scientific photography and other fields,
such as the accuracy of low-light image. However, in the current research
results, there is no perfect means to deal with the above problems.
Therefore, the study of low-light image enhancement has important
theoretical significance and practical application value for the devel-
opment of smart cities. In order to improve the quality of low-light
enhanced images, this paper tries to introduce the luminance attention
mechanism to improve the enhancement efficiency. The main contents
of this paper are summarized as follows: using the attention mecha-
nism, we proposed a method of low-light image enhancement based
on the brightness attention mechanism and generative adversarial net-
works . This method uses brightness attention mechanism to predict
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the illumination distribution of low-light image and guides the enhance-
ment network to enhance the image adaptiveness in different luminance
regions. At the same time, u-NET network is designed and constructed
to improve the modeling process of low-light image. We verified the
performance of the algorithm on the synthetic data set and compared
it with traditional image enhancement methods (HE, SRIE) and deep
learning methods (DSLR). The experimental results show that our
proposed network model has relatively good enhancement quality for low-
light images, and improves the overall robustness, which has practical
significance for solving the problem of low-light image enhancement..

Keywords: Generative Adversarial Networks, low-light image enhancement,
attention mechanism

1 Introduction

The Smart City concept mainly refers to the use of various information tech-
nologies or innovative concepts to improve the efficiency of resource utilization,
optimize urban management and services, and improve the quality of life of
citizens.

Image recognition technology plays an important role in this process,
because the image contains rich and detailed information of the real scene. By
capturing and processing image data, intelligent systems can be developed to
perform various tasks such as object detection, classification, segmentation,
recognition, scene understanding and 3D reconstructio[1], which can be used
for the construction of Smart City.

As shown in Figure 1, such image recognition technology can be applied to
automatic driving, video surveillance and virtual augmented reality in smart
cities[2].

However, in practical application, the accuracy of the recognition system
depends heavily on the quality of the input image. In particular, images were
taken in the low-light environment prevalent in smart cities usually suffer from
severe degradation, such as poor visibility, low contrast, and unexpected noise
[3] (as shown in Figure 2). Therefore, in order to improve the performance of
the recognition algorithm widely in the smart city, and because of the limi-
tation of hardware equipment, a special enhancement algorithm for low-light
images is needed to solve the problem.

At present, image enhancement technology has been applied in many fields,
such as mobile phone shooting, criminal investigation, medical image, remote
sensing image, HDTV, digital camera, etc.[4] . In terms of mobile phone shoot-
ing, brands such as Xiaomi, Huawei, OPPO, etc. all use the low-light image
enhancement function to take good photos in case of insufficient light or night
shooting, such as Figure 3.
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Fig. 1 Smart city image recognition application

Fig. 2 Low light environment photo instance

In the field of the criminal investigation, when a criminal incident occurs,
the public security department will first check the surveillance video to iden-
tify the criminal suspect. However, when installing monitoring devices, to
capture as many scenes as possible, monitoring devices are usually set in
wide-angle mode, so the resolution for a single object is often low. Moreover,
since images are vulnerable to the influence of weather and light, the phe-
nomenon of uneven illumination, low contrast, blurry and noise will appear in
the surveillance video images [5] . This makes it difficult for the public security
department to identify the face of the criminal suspect, as shown in Figure
4, thus affecting the detection of the case. The low-light image enhancement
technology can process the face images taken by the surveillance equipment
to get a clearer face image, which can help the police to accelerate the speed
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Fig. 3 Example of image enhancement for mobile phone photography

of case detection to a certain extent. After decades of development, the low

Fig. 4 Low light image dilemma in the field of criminal investigation

light image enhancement has become an important image processing research
direction, and their final research goal is to realize their low-quality images,
strengthen details, improve contrast, reduce noise, thus enriching the content
of image information, improve the quality of the overall awareness, eventually
to achieve the image that meets the high-level vision tasks. However, because of
the requirements of smart cities, although the corresponding low-illumination
enhancement algorithm has been used to restore the image, the quality and
details of the enhanced image need to be further improved. In addition, the
urban environment is complex and diverse, and the existing algorithms are not
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robust enough to adapt to low-light images under different lighting environ-
ments. Finally, the excellent response speed is the core factor in the concept
of the smart city. Considering computing constraints and other factors, the
computational complexity and time consumption of the current algorithm still
need to be reduced. With the rapid development of artificial intelligence, more
and more researchers begin to try to use new computer vision technologies,
such as deep learning to solve image enhancement tasks [6]. It has power-
ful representativeness and can be used to model more complex and diverse
low-illumination enhancement problems.

To sum up, image recognition technology plays an important role in smart
cities, and the accuracy of image recognition is seriously affected by the
existing low-light environment. Therefore, the research on algorithms related
to low-light image enhancement is of great scientific significance and prac-
tical application value for the development of smart cities. In view of the
above considerations, this paper sets out to study the efficient low-light image
enhancement algorithm, which is expected to make up for the deficiency of
imaging equipment in hardware, to improve the sharpness of photos taken in
a low-light environment and comprehensively improve the image quality.

This paper, starting from the Generative Adversarial Networks(GAN),
combines with the attention mechanism and is applied to the enhancement of
low-light images. It mainly involves the application research of the brightness
attention mechanism in low-light image enhancement, compares its traditional
method with the existing deep learning algorithm, and finally carries out
experimental verification. The main contributions are as follows:

In order to solve the problem of uneven illumination and noise in low-light
images, a method of image enhancement based on the brightness attention
mechanism Generative Adversarial Networks was proposed. By learning the
mapping between low-light images and normal light images, the images under
enhanced normal illumination environment in the corresponding scene were
obtained. To restore the low-light image, especially its low-light region infor-
mation, a generator was constructed by combining the attention mechanism
and U-NET concept. Based on the backbone network structure, a branch net-
work of brightness attention was added to strengthen the transmission of light
distribution information in the network flow. To enhance the recognition effect
of the low-light image.

In this paper, the background of the research is described in chapter 2,
the principle of the algorithm is explained in Chapter 3, the experimental
results are proved in Chapter 4, and the conclusions obtained are illustrated
in Chapter 5.
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2 Research background

The purpose of this chapter is to introduce the relevant research background,
including the generative adversarial networks, low-illumination image enhance-
ment, and the research background of attention mechanism in recent years, so
as to provide reference for our experiment.

2.1 Development status of the generative adversarial

networks

Since the original GAN[7] was proposed, many gan-based variants have been
proposed in subsequent studies to solve the training instability of GAN, gener-
ate sample richness and apply it in unsupervised learning. Against the original
GAN for generator almost without any constraint, the generation process is
too free, cause it is difficult to control in case of large image model, CGAN
(Conditional GAN) [8] on the basis of the original GAN respectively in the
generator and the discriminant of input one more constraint y, as shown in
figure 5, the network generated in the direction of the given sample, CGAN
objective function into a formula 1:

min
G

min
D

V (D,G) = Ex:Px
[log2(1−D(G(zy)))]+E –Z:P Z˝[log 2(1-D(G(zy)))]

(1)

Fig. 5 Network structure diagram of CGAN

The disadvantage of CGAN is that its model training is unstable. As can be
seen from the loss function, CGAN only adds additional constraints to generate
the specified image, but does not solve the problem of training instability.

LAPGAN[9] makes improvement based on CGAN, and then seeks to
improve the effect of image enhancement. LAPGAN combined the concepts of
Gaussian gold pyramid and Laplace pyramid with GAN, and then used The
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Gaussian pyramid for image down-sampling, and The Laplace Gold pyramid
for up-sampling to reconstruct the image. The specific process is shown in
Figure 6.

Fig. 6 Network structure diagram of LAPGAN

DCGAN[10] combined the convolutional neural network (CNN) with GAN,
as shown in Figure 7, which improved the diversity of the generated images.
DCGAN uses batch normalization (BN)[11] for stable training, and applies
ReLU activation function to reduce the risk of gradient disappearance. At the
same time, the pooling layer is eliminated and the characteristic information
is retained effectively by using step convolution and micro-step convolution.
DCGAN also has many problems. For example, although it can generate rich
diversity, the image quality is not optimal, and there is also the problem of
unstable training.

Fig. 7 Network structure diagram of DCGAN
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SA-GAN [12] introduced the Attention mechanism in GAN, which enables
the generator and discriminator to automatically learn important targets in
the image, and enables us to know which parts of the image should be learned
from the task focus (similar to significance detection), in order to submit the
image quality of the generated image. Compared to Baseline, SA-Gan raised
the Inception Score from 36.8 to 52.52 on the ImageNet dataset and reduced
Frechet Inception Distance from 27.62 to 18.65. This network construction
combining attention mechanism and GAN has great reference value for our
experiment. As shown in the figure above, f(x), g(x), and H (x) are all ordinary

Fig. 8 Self-attention module network structure diagram

1x1 convolution, the only difference being the size of the output channel; Take
the output of F (x) and multiply it by the output of g(x). After softmax
normalization, you get an attention Map. Multiply the obtained Attention
Map and H (x) pixel by pixel to obtain adaptive Attention feature maps.

2.2 Development status of low-light image enhancement

In the past two years, low illumination image enhancement mainly focuses on
the realization of algorithm structure by using CNN.

In a paper published in 2018 [13], the convolutional neural network was
used to complete Raw image processing to RGB image processing to solve
the problems in image imaging under extremely low light and short exposure
conditions. The results were stunning. The network structure is based on the
fully convolutional network FCN, and the efficiency of the algorithm is greatly
improved through end-to-end training.

As shown in figure 9, for the original Bayer image, they split the input into
four channels, reducing the spatial resolution by half on each dimension; The
output is a 12-channel image with a 1/2 spatial resolution; It is then processed
by the sub-pixel layer to restore the original resolution.
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Fig. 9 The structure diagram of FCN

The literature [14] published in 2019 puts forward three problems existing
in low-light enhancement tasks :(1) how to estimate illumination map com-
ponents from a single image and adjust illumination level flexibly? (2) After
increasing image brightness, how to remove degradation such as noise and color
distortion? (3) In the absence of ground-truth, how to train the model with
a limited number of samples? The network built in the article is divided into
three modules: decomposing image, restoring reflection image, and adjusting
the light image, Restoration and Adjustment Net respectively. For the three
problems mentioned above, the solution is as follows (a) for the Decomposition-
Net, for the region of the lightmap smoothness and mutual consistency, also
added two new loss function. (b) For Restoration-Net, considering the degra-
dation effect of the reflection map under low light, we used the reflection map
under good light as a reference. The illumination map information is intro-
duced to solve the complex problem of the distribution of the degradation effect
in the reflection map (c) For Adjustment Net, a mechanism is realized to con-
tinuously adjust the illumination intensity (the enhancement ratio is used as
the input after the combination of the feature map and the illumination map).

Fig. 10 The structure diagram of KinD network

As shown in Figure 10, the KinD network mentioned in the literature con-
sists of two branches, corresponding to the reflection diagram and the lighting
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diagram. From the perspective of function, it can be divided into three mod-
ules, namely layer decomposition, reflection map restoration and lighting map
adjustment.

2.3 Development status of low-light image enhancement

The visual attention mechanism is a brain signal processing mechanism unique
to human vision. Human vision can quickly scan the global image to obtain the
target area that needs to be paid attention to, and then devote more attention
resources to this area, to obtain more detailed information about the target
that needs to be paid attention to and suppress other useless information. This
is a means for human beings to quickly screen out high-value information from
a large amount of information with limited attention resources. It is a survival
mechanism formed in the long-term evolution of human beings. The human
visual attention mechanism greatly improves the efficiency and accuracy of
visual information processing. The attention mechanism in deep learning is
similar to the selective visual attention mechanism of human beings in essence,
and the target is also to select more critical information for the current task
target from a lot of information.

The mechanisms of visual attention can be divided into two categories: soft
attention and hard attention. The key point of soft attention is to pay more
attention to the region or channel, and have certainty, after the completion
of learning can be generated directly through the network. The crucial point
is that soft attention is differentiable, which means that it can compute the
gradient through a neural network and learn to get the weight of attention by
propagating forward and feedback backward. The difference between strong
attention and soft attention is more focused, that is, every point in the image
is likely to extend attention. It is also a random prediction process, with more
emphasis on dynamic changes. Contrary to soft attention, strong attention is
not reinforcement and the training process is often completed by reinforcement
learning.

This paper focuses on three types of attention domains under soft attention:
spatial domain, channel domain, and mixed domain.

The spatial domain transforms the spatial information in the original image
into another space and retains the key information. The pooling layer in the
common convolutional neural network directly uses some methods of Max
pooling or average pooling to compress the image information, reduce the
amount of calculation, and improve the accuracy.

To solve the problem that key information cannot be recognized when infor-
mation is merged directly, researchers have proposed a module called Spatial
Transformer, which transforms the spatial domain information in the picture
into corresponding spatial transformation to extract the key information [15].

An example of the transformation process shown in Figure 11:
Column (a) is the original picture information, in which the first hand-

written number 7 does not make any transformation, the second handwritten
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Fig. 11 Spatial Transformer application example diagram

number 5 makes a certain rotation change, and the third handwritten number
6 adds some noise signals;

Bounding The colored bounding boxes in B are spatial Transformer
learned, and each bounding box is actually a spatial transformer learned from
corresponding pictures.

In Column C is the feature map after spatial Transformer conversion, it
can be seen that the key area of number 7 is selected, the handwritten number
5 is rotated into a positive picture, and the noise information of number 6 is
not recognized.

The realization of spatial Transformer operation can be regarded as the
realization of attention mechanism because after training, spatial Transformer
can find out the areas that need to be paid attention to in the picture infor-
mation. At the same time, the transformer has the functions of rotation and
scaling transformation, which enables the important information of the picture
to be extracted by the box through transformation.

In a traditional convolution neural network, every picture (R, G, and B) by
linking the initial three-channel said to come out, after different convolution
kernels, each channel will generate a new signal, such as image features of
each channel using the 64 nuclear convolutions, can produce 64 new channel
matrix (H, W, 64), H, W, respectively characteristics the height and width of
the picture.

Similarly, attention mechanisms require similar channels to assign attention
weights to images.

Above is a schematic of the channel attention module [16].
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Fig. 12 Conceptual diagram of attention mechanism

As shown in the figure, given an input x, the characteristic channel number
is C1, and a character with the characteristic channel number is C2 after
a series of convolution and other general transformations. Corresponding to
the traditional CNN, three operations were finally used to re-calibrate the
previously obtained features.

The first is the Squeeze operation, which compresses the features along the
spatial dimensions and turns each two-dimensional feature channel into a real
number, which has a global receptive field, and the output dimension matches
the input number of feature channels. It represents the global distribution of
responses on the feature channel and enables the layer near the input to obtain
the global receptive field.

The second is the Gate operation, which is similar to the portal mechanism
for cyclic neural networks. The weight of each feature channel is generated
by the parameter W to show the correlation between the modeled feature
channels.

The final is a Reweight operation. The output weights are used for the
importance of each feature channel after feature selection. The re-calibration
of the original feature on the channel dimension is done using the per-channel
multiplication weighting to the previous features.

2.4 U-net

In 2015, Olaf Ronneberger, Philipp Fischer and Thomas Brox proposed the u-
NET network structure [17]. U-net is based on the expansion and modification
of full convolutional network. It is mainly composed of two parts: contracting
Path for obtaining context information, and expanding path for precise posi-
tioning. As shown in Figure 13, in the structure of U-NET, the left side is a
downsampling process, which is divided into 4 groups of convolution operations
(blue arrow). After each set of convolution operations, the MaxPool opera-
tion (red arrow) is performed to reduce the image further to 1/21/2. Through
four groups of operations, the input image of size 572x572x1572x572x1 was
transformed into 32x32x1024.

The upper sampling process is shown on the right. The upsampling process
uses four sets of deconvolution (light green arrows), each upsampling expands
the image 22 times, then clipping and copying the image (feature map) of the
corresponding layer, and is concat to the result of the convolution (gray arrow).
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Fig. 13 Standard U-net structure diagram

After the upsampling process, a graph of 388x388x64 size is obtained.
Finally, a convolution kernel of 1x11x1 is used to reduce the number of channels
to 2 (dark green arrow), namely the two colors on the label.

It can be found that the feature of U-NET structure design is the fusion of
low-level features and high-level features, which can make full use of features
of all levels of the image, and the constructed feature vector can describe the
region more accurately.

3 Research background

3.1 Algorithm Framework

3.1.1 Network structure

The network structure of low-light image enhancement is shown in figures 14
and 15. In order to enhance the transmission of low-light location information
in the network flow, the generator has an attentional branch network proposed
in this paper. The attention-net predicts the position mask of the weak light,
which is the same size as the input image, with each pixel being a probabil-
ity value between 0 and 1. Finally, we combine the input image, the attention
diagram, and the converted input to form the final enhanced image. The dis-
criminator can receive the image generated by the generator and the real image
at the same time, and finally, produce the predicted value of true or false.

The details of the network structure of the attention network are shown in
Table 1. It is a fully convolutional network structure similar to U-NET. The
design feature of this network structure is to fuse the features of the low layer
and the high layer and make full use of the features of all levels of the image.
The network consists of three parts: a contraction path to obtain multi-scale
context information, an asymmetric expansion path to restore multi-stage fea-
ture map, and the last two convolutional layers to restore the attention diagram
with the same size as the input. The contraction path has four lower sampling
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Attention network
Lower sample 

collection layer

Upper sample 

collection layer

Fig. 14 Schematic diagram of generator network structure

 11x11 Ordinary 

convolution layer

 5x5 Ordinary 

convolution layer

 3x3 Ordinary 

convolution layer

fully connected 

layer

Softmax layer

Fig. 15 Schematic diagram of discriminator network structure

convolution blocks, each of which contains two convolutional layers with step
size 1 and one ”pooling layer” with step size 2. The expansion path has four
upsampled deconvolution blocks, and each deconvolution block contains two
layers of convolution layer with step size 1, one deconvolution layer, and one
layer feature splicing. And then the last 2 convolution layers, one deconvolu-
tion layer, one ordinary convolution, but the activation function of the last
convolution layer is tanh. All the convolution kernels have a size of 3x3. Except
for the last layer, the convolution is activated by the lrelu function after the
convolution.

Table 2 shows the details of the discriminator network, including 5 convolu-
tion layers, 1 fully connected layer, and a softmax layer. Multiple convolution
layers used for feature extraction step by step input, the size of the convolution
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Table 1 Structural details of the attention network

Convolution layer Input convolution kernel/perstep output
Conv0 I(100 x 100 x 3) 3 x 3 x 16/2 50 x 50 x 16
Conv1 Conv0 3 x 3 x 16 / 1,3 x 3 x 16 / 2 25 x 25 x 16
Conv2 Conv1 3 x 3 x 32 / 1,3 x 3 x 32 / 2 13 x 13 x 32
Conv3 Conv2 3 x 3 x 64 / 1,3 x 3 x 64 / 2 7 x 7 x 64
Conv4 Conv3 3 x 3 x 128 / 1,3 x 3 x 128 / 2 4 x 4 x 128
Conv5 Conv4 3 x 3 x 256 / 1 4 x 4 x 256

DeConv0 Conv5,Conv4 3 x 3 x 128 / 1 7 x 7 x 128
DeConv1 DConv0,Conv3 3 x 3 x 64 / 1 13 x 13 x 64
DeConv2 DConv1,Conv2 3 x 3 x 32 / 1 25 x 25 x 32
DeConv3 DConv2,Conv1 3 x 3 x 16 / 1 50 x 50 x 16
DeConv4 DConv3,Conv0 2 x 2 x 3 / 2 100 x 100 x 3
Conv6 DeConv4 3 x 3 x 1 / 1 100 x 100 x 1

kernels from 11 to 3, the characteristics of the channel number increases from 3
to 192, for the low illumination image, due to the uneven illumination distribu-
tion and noise impact, such as image showing a large area of dark, weak light,
such as single lead to local characteristics, first big receptive field is beneficial to
the local characteristic diagram for more information, with the increase of the
number of channels, feature-rich gradually, that small receptive field is helpful
to extract the image. The full join layer and softmax layer are used to predict
the likelihood that the extracted feature map will come from a generator or a
real image, resulting in a triple(batch, Pture, Pfalse),Ptrue,Pfalse.They’re all
in the range of[0,1].

Table 2 Structural details of discriminator network

Convolution layer Input convolution kernel/perstep output
Conv0 I(100 x 100 x 3) 11 x 11 x 48/4 25 x 25 x 48
Conv1 Conv0 5 x 5 x 128/2 13 x 13 x 128
Conv2 Conv1 3 x 3 x 192/1 13 x 13 x 19
Conv3 Conv2 3 x 3 x 192/1 13 x 13 x 192
Conv4 Conv3 3 x 3 x 128/2 7 x 7 x 128
Fc conv4 6272 x 1024 batch x 1024

softmax Fc 1024x2 batch x 2

3.1.2 Loss function

Since the input and the target photo cannot match closely (i.e., pixel to pixel),
that is, different optical elements and sensors can lead to specific local nonlin-
ear distortion and aberration, even after accurate alignment, the pixel number
between each image pair will have an unsteady deviation. Therefore, the stan-
dard loss per pixel, except for the perceived quality index, does not apply to
our case. To enhance the effectiveness of the algorithm from both qualitative
and quantitative aspects, we propose a new loss function:

Loss = WaLa +WadvLadv +WconLcon+WtvLtv +WcolLcol (2)
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L,Ladv, Lcon, Ltv, Lcolrepresent attention loss, confrontation loss, content
loss, total variation loss, and color loss,Wa,Wadv,Wcov,Wtv,Wcol,represent
the weight of their losses respectively. After the training data is obtained, we
continued to use high-quality images for repeated training of GAN. In the
training discriminator stage, we randomly confused the generated sample of
one batch with the real sample of one batch and generated the generated sam-
ple of one batch as the discriminator input. The discriminator tries to identify
real and fake images, so the discriminator is trained, which is equivalent to
the process of maximizing the discrimination loss. The process is to minimize
the formula 2, so as to ensure that the generated picture has the least loss in
all aspects compared with the real picture, and the generated effect is real-
istic.To express the whole algorithm flow more concisely and clearly,G,D are
respectively represented as generator network and discriminator network, and
the size of a batch is m during training. Refer to the following Enhanced net-
work module generative adversarial network algorithm flow for details: Data
description:Ixis the low-light image,Iyis the real image,Iadvis defined as the
input to the discriminator.

Algorithm 1. Require:

1: the low-light image:Ix
2: the real image:Iy
3: the input to the discriminator:Iadv
4:

Ensure: – The Enhanced image
5: repeat

6: Training generator network

7:

8: M low-light image pairs were randomly selected in the data set
(I1x), (I

2
x , I

2
y )...(I

m
x , Imy ).

9: The input of the fixed discriminant network isIadv=0,0,...0,length of m
10: The total loss of the generator network:Lossgen = WaLa +WadvLadv +

WconLcon +WtvLtv +WcolLcol

Train the discriminator network

11:

12: The input of the randomly initialized discriminant network
isIadv=1,0...0,and m stands for length.

13: M low-light image pairs were randomly selected in the data set
(I1x), (I

2
x , I

2
y )...(I

m
x , Imy ).

14: Maximizes the overall loss of the discriminator network:

Ladv =

n∑

i=1

logD(G(Ix), Iy)

until Maximum number of iterations do
end
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3.2 Brightness attention mechanism module

To solve the uneven distribution of brightness in low-illumination images, tra-
ditional image enhancement methods generally enhance the image as a whole,
but ignore the inconsistency of brightness in each area of the image, which
will easily lead to overexposure in high-brightness areas and underexposure in
low-brightness areas. In this paper, a u-NET-like attention-branching network
is designed to predict the distribution of low-light regions in low-light images,
so as to promote the network to pay more attention to the low-light regions in
images.

We take the brightness attention branch network as an auxiliary network,
and combine the brightness attention diagram obtained by training with the
output of the main network to enhance the enhancement effect of the low-
light region in the low-light image. Figure 15 shows the brightness attention
branch network. The white area of the output image represents the low illu-
mination area of the input image, and the black area represents the brighter
area of the input image. From the input image to the bottom of U-NET is
the under-sampling process of illumination information, from the bottom to
the right of U-NET is the fusion of multi-scale illumination information, so
as to fully model the illumination information in low-illumination images, and
finally generate the luminance attention diagram.

Attention 

network

Lower sample 

collection layer

Upper sample 

collection layer

Fig. 16 Schematic diagram of discriminator network structure

In order to better constrain the module’s modeling of light distribution,
the following attention loss function is used in this paper:

La = Fa(Ix)−A (3)
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Ixrepresents the input image,Arepresents the expected brightness atten-
tion diagram,Fa(Ix) and represents the predicted brightness attention. The
expected luminance attention diagram A is calculated by formula 4 below.

A =
(maxc(Iy)−maxc(Ix))

maxc(Iy)
(4)

Where Ix represents low-light image, Iy represents true-light image, and
maxC() represents the maximum pixel value on the image channel.

4 Experiment

4.1 Experimental data and pre-processing

As for the selection of experiment images, we chose a HIGH-quality image
data set with a resolution of DIVerse 2K (DIV2K), which included a training
set with 800 pictures and a verification set with 100 pictures. This dataset has
been used in NTIRE [17, 18] and @PIRm [19]competitions [20]. In order to
test the clear results of the algorithm for low illumination image recognition
accuracy, this experiment preprocessed div2K with low illumination, that is,
used it to synthesize low light image data set.

Low-light images have two significant characteristics: low brightness and
noise. In the pre-processing process, gamma correction and random parameters
are used to adjust the image’s low brightness. The formula is as follows:

IL = rand ∗ (IH)y (5)

Where, IL is the low light image, rand is the random number between (0,1),
IH is the high-resolution image, γ is the gamma coefficient, obeying the uniform
distribution between [1.1,2]. Considering the noise caused by low light, we also
added gaussian noise with uniform distribution of variance [0.01,0.05] into the
images treated with low light. After pre-processing, we made a training set
with 30,744 images and a test set with 1080 images on the DIV2K data set,
among which the size of the images is 100*100, as shown in Figure 17,18.

4.2 Experimental setting

To verify the performance of the image enhancement algorithm proposed
in this paper, the experiment was compared with the following representa-
tive image enhancement algorithms: histogram equalization (HE)[21], reflected
illumination estimation (SRIE)[22], and deep learning method DSLR[23].

Among them, HE and SIRE are traditional low-light image enhancement
methods, and the advantages and disadvantages of deep learning and tradi-
tional methods can be obtained by comparing them. By comparing the results
with DSLR, which is also a deep learning method, the effect of the brightness
attention mechanism on the enhancement of low-light images can be clearly
obtained.
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Fig. 17 Original DIV2K image set

Fig. 18 Div2k image set after low light preprocessing

For the experimental platform, Tensorflow[24] was used to complete the
experiment in this paper. The proposed network converges rapidly and has
been trained on NVIDIA GeForce GTX1080 for 20,000 generations using syn-
thetic data sets. To prevent overfitting, we use roll off and rotation for data
enhancement. For the specific experimental parameters, we set the batch size
to 32, and the input image value is scaled to [0,1]. we also added Adam opti-
mizer [25] to optimize the experimental process. In order to stabilize Gan
training, we use spectral normalization and gradient penalty to constrain the
discriminator.

In order to evaluate the quality of the enhanced image, we use PSNR and
SSIM for quantitative analysis. Their definitions are as follows:
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Peak signal-to-noise ratio (PSNR): It is an objective standard for evaluating
images, the unit is dB, and the calculation formula is as follows:

PSNR = 10 ∗ log10
(2n − 1)2

MSE
(6)

Where n represents the number of bits of each pixel value, MSE represents
the mean square error, and the calculation formula is as follows:

MSE =
1

w ∗ h

w−1∑

i=0

h−1∑

j=0

X(i, j)− Y (i, j)2 (7)

Among them, X, Y represents the source image and target image, respec-
tively, w, h is the width and height of the image, if the PSNR value is greater,
it means that the distortion is less, the higher the quality of the restored target
image.

Structural similarity (SSIM) is a comprehensive image brightness, contrast,
and structural difference to evaluate the similarity of the structure of two
images. The mathematical expression is as follows:

SSIM(X,Y ) = 1(X,Y )αc(X,Y )βs(X,Y )γ (8)

In the formula, X, Y represent the source image and the target image,
respectively, 1(X,Y), c(X,Y), s(X,Y)represent the image brightness, contrast
and structure difference, the calculation formula is as follows:

1(X,Y ) =
2µxµy + C1

µ2
x + µ2

y + C1

(9)

c(X,Y ) =
2σxσy + C2

σ2
x + σ2

y + C2

(10)

s(X,Y ) =
2σxy + C3

σxσy + C3

(11)

Where µx,µyrepresent the average brightness of the source image x and the
target image σx, σy represent the brightness standard deviation of the image x,
y, and σxy represent the covariance between the image x and y. C1, C2, C3 are
constants set to avoid the denominator being 0, generally set α = β = γ = 1,
the SSIM value is usually [0,1], the larger the value, the better the restored
image effect.

4.3 Experimental results and discussion

On the data set pre-process with low light, we conducted a comparison experi-
ment with HE, SRIE and DSLR in accordance with the experimental setup in
Section 4.2. The quantitative results are shown in table 3, while the qualitative
results are shown in figure 19,20.

As can be seen from Table 3, our method is superior to other methods
in both indexes, which proves its universal superiority. Compared with the
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Table 3 Quantitative results

HE SRIE DSLR Our
PSNR 13.83 14.50 19.09 22.16
SSIM 0.36 0.58 0.998 0.999

traditional methods HE and SRIE, we improved the PSNR by 60.2%, 52.8%,
and SSIM by 177.5% and 72.2%, respectively, indicating that the performance
of our method in the synthetic data set is far superior to that of the traditional
algorithm. In particular, compared with the HE algorithm, superiority is the
most obvious.

Compared with the current deep learning method, DSLR, we also improved
by 16.1% on PSNR and slightly improved on SSIM, indicating that our method
effectively reduced image noise. Thus, it can be seen that the combination
of attention mechanism and GAN for low-light image enhancement is greatly
improved compared with the traditional enhancement algorithm, and also has
certain advantages compared with the deep learning method.

Low-light Image HE SRIE DSLR Our Real Image

Fig. 19 Image results of the experiment

By comparing the subjective visual effects of the algorithms in FIG. 19, it
can be seen that our algorithm effectively enhances the brightness of the image
and improves the overall perceived quality of the image. Images enhanced by
HE and DSLR algorithm are significantly different in color from real images.
Images enhanced by HE and DSLR algorithm tend to be white on the whole,
while those enhanced by DSLR algorithm tend to be of cool color, while the
color of images enhanced by our algorithm is the closest to the real image.
Although the color deviation after SRIE enhancement is not large, the illumi-
nation recovery effect is not ideal and the brightness is too dark. Only after
the enhancement of our method, the image brightness recovery is relatively
high, while the contrast of the image is relatively moderate, there is basically
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no color difference, the overall visual effect is almost consistent with the real
image.

Low-light Image Brightness attention diagram Our algorithm

Fig. 20 Image results of the experiment

For the brightness diagram in FIG. 20, the white area corresponds to the
lower brightness of the original image, and the black area corresponds to the
higher brightness of the original image. The distribution of the white and
black regions in the brightness attention diagram in the figure above is basi-
cally consistent with that in the original image, indicating that the brightness
attention diagram generated by the algorithm in this paper can effectively
correspond to the original image. Based on the detailed analysis of the effect
diagram in the third line of FIG. 20, although the brightness of the white vest
on the right of the original low-light image is relatively high, some areas are
still dark, while the overall brightness of the gray vest on the left is extremely
low, resulting in serious detail loss. According to the attention diagram of the
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brightness predicted by our network, the enhanced gray vest corresponded to
the lower illumination part of the image, and the darker area of the white vest
was enhanced to a certain extent, but the excessive enhancement of the high
brightness part was also avoided.

The above results show that combined with the attention diagram of bright-
ness, the image enhancement algorithm is able to restore the corresponding
regions in accordance with the different degrees of brightness in the image.
Especially for low-light images, the luminance attention diagram plays an
excellent auxiliary effect, so that the enhancement algorithm can effectively
identify the low-light region in the image, and then restore the luminance.
Therefore, the algorithm has higher robustness, can deal with a variety of com-
plex image conditions, and avoid damage to the appropriate brightness of the
low-light image.

conclusion

This article first analyzes the problems faced by low-light image enhance-
ment during the development of image recognition technology in smart cities
and then proposes the brightness attention generative adversarial networks
designed for the corresponding problems. For photos taken in real low-light or
extremely dark environments, the overall brightness of the image is low and the
brightness distribution is uneven, and a certain amount of noise is also intro-
duced. Therefore, the network uses the brightness attention branch network to
predict the light distribution in the low-illuminance image. Improve the net-
work’s sensitivity to different brightness areas in the image. The brightness
attention mechanism module adopts a U-net-like structure, which is conducive
to multi-scale feature extraction and fusion of features of different bright-
ness areas in the image, and the generated brightness attention map is more
accurate.

In the course of the experiment, we conducted comparison experiments
with traditional algorithms HE, SIRE, and deep learning algorithm DSLR,
and analyzed the experimental results. The following conclusions are drawn:
due to the use of the brightness attention mechanism, compared with previous
methods, our algorithm may be able to adapt to image enhancement in a
variety of low-light environments, and the introduced attention mechanism
greatly improves the algorithm’s Sensitivity to the different brightness. These
advantages can be appropriately enhanced for low-light images produced by
complex and changeable environments in smart cities. However, in addition
to the above challenges, low-light image enhancement still has computational
complexity and excessive model problems on computing-constrained platforms
such as mobile terminals, which are waiting for our further research to solve.
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Appendix

Figure legends

This section will introduce the images used in the article.
Figure 1:Smart city image recognition application.
Figure 1 detailed legend:This picture shows an example of the application

of image recognition technology in smart cities, specifically the detection and
recognition of vehicles by the traffic monitoring system. The blue box is the
recognized vehicle. We can see that the quality of the image is slightly blurred,
which corresponds to the point that the image quality of smart city recognition
described in the text is limited by hardware conditions.

Figure 2:Low light environment photo instance.
Figure 2 detailed legend:This picture shows a specific example of a low-

light image that needs to be enhanced. The picture shows the result of taking
pictures of several people under street lights with mobile phone cameras in
the dark. It can be seen that although there is a light source, due to the lack
of light in the overall environment, the characters in the picture are basically
completely black. And this is the dilemma that low-light image enhancement
algorithms are trying to solve.

Figure 3:Example of image enhancement for mobile phone photography.
Figure 3 detailed legend:This picture shows the actual image enhancement

algorithm to enhance the results of mobile phone camera photos. The specific
content on the way is a busy street, and we can see that various colors have
become more vivid due to enhanced enhancement algorithms. And the influ-
ence of the light source on the image quality has also been well controlled.
This picture is also the goal pursued by the low-light enhancement algorithm.

Figure 4:Low light image dilemma in the field of criminal investigation.
Figure 4 detailed legend:This picture shows the dilemma of image recog-

nition technology in the field of criminal investigation photography. As you
can see in the picture, although the blue frame contains all vehicle targets,
because the lighting environment is too dark, only a group of ”dark” results
can be seen. Obviously, this is fatal to the technical field of criminal investiga-
tion, which requires precision. The problem in this figure is also the goal our
algorithm aims to solve.

Figure 5:Network structure diagram of CGAN.
Figure 5 detailed legend:This picture is a specific explanation of CGAN

in the reference. We can see that the figure includes two parts: generator and
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discriminator. In each part, a different prototype part is used to explain the
generation process of the generation result X and the discrimination result Z
respectively. Supplementary explanation is provided for the above formula.

Figure 6:Network structure diagram of LAPGAN.
Figure 6 detailed legend:This picture is a specific explanation of Laplace

GAN in the cited references. This picture shows how to use Laplace’s theorem
in combination with GAN to complete the recognition of image targets. From
left to right is the display of the cycle process.

Figure 7:Network structure diagram of DCGAN.
Figure 7 detailed legend:This picture is a concrete display of the DCGAN

structure in the reference. From left to right, it shows how each convolutional
layer processes the input image and finally generates the output result. From
the detailed figures indicated in the figure, we can see that the input picture
is gradually converted from 1024x4x4 to the final 64x64x3.

Figure 8:Self-attention module network structure diagram.
Figure 8 detailed legend:This picture is a specific explanation of SA-GAN

in the reference. The attention mechanism in this picture is the focus of this
article. The f(x) and g(x) in the upper part of the figure are the specific
functions of the attention mechanism, and h(x) is the normal convolutional
neural network. Its specific action process is described in detail in the text.

Figure 9:The structure diagram of FCN.
Figure 9 detailed legend:This picture is a detailed description of the FCN

in the reference. The specific content in the figure is how the RGB image is dis-
assembled and reorganized by the convolutional layer, and how to reassemble
it into three separate color layers of red, green and blue.

Figure 10:The structure diagram of KinD network.
Figure 10 detailed legend:This picture is a detailed description of the KinD

network cited in the literature. The color squares in the figure correspond to
the three modules of layer decomposition from the perspective of function,
reflection image restoration and lighting image adjustment.

Figure 11:Spatial Transformer application example diagram.
Figure 11 detailed legend:This picture shows a concrete example of low-

light image enhancement. The content in the figure is the specific process of
the enhancement of the handwritten digit set. The specific process explanation
has been described in detail in the text.

Figure 12:Spatial Transformer application example diagram.
Figure 12 detailed legend:This picture is a detailed description of the atten-

tion channel. The content in the figure is to explain the role of attention
channels with squares and functions. The specific process description has been
introduced in detail in the text.

Figure 13:Standard U-net structure diagram.
Figure 13 detailed legend:This picture is a specific description of U-net.

Because U-net is the prototype of the network used in this article. Therefore,
the various parts of U-net are marked in different colors in the local area, and
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their principles and names are explained in detail in the figure. Other detailed
descriptions have been given in the text.

Figure 14:Schematic diagram of generator network structure.
Figure 14 detailed legend:This picture is an explanation of the structure

of the generator in this article. The specific content in the figure is that the
input low-light image is processed by the attention network composed of the
orange and blue sampling layers to generate a clearer image result.

Figure 15:Schematic diagram of discriminator network structure.
Figure 15 detailed legend:This picture is an explanation of the structure

of the discriminator in the network constructed in this article. The specific
content in the figure is that after the input low-light image is processed by
the U-net-like network, a clearer image result is generated after inputting the
fully connected layer and the Softmax layer.

Figure 16:Schematic diagram of generator network structure.
Figure 16 detailed legend:The content of this figure is basically the same as

in figure 14. The purpose is to further explain the same problem with different
colors.

Figure 17:Original DIV2K image set.
Figure 17 detailed legend:This picture shows the Original DIV2K image

set. The specific content in the figure is nine images that have not been
preprocessed, which is explained with the preprocessed images below.

Figure 18:Div2k image set after low light preprocessing.
Figure 18 detailed legend:This picture shows the DIV2K image set that

has undergone low-light processing. The specific content in the picture is nine
preprocessed images. We can see from the figure that after preprocessing,
the image is relatively dark compared to Fig18. This result accomplishes our
purpose of artificially constructing low-light images.

Figure 19:Image results of the experiment.
Figure 19 detailed legend:This picture is a concrete display of the experi-

mental results. The figure includes three comparison algorithms, our algorithm,
the original image and the image after low-light preprocessing. The specific
contents are human faces, oranges and an oil painting. This picture intuitively
shows the visual effects of various images.

Figure 20:Image results of the experiment.
Figure 20 detailed legend:This picture shows the effect of the brightness

attention mechanism in the experiment. The figure includes three types of low-
light images, the brightness attention map generated by the algorithm, and
the final image generated by the algorithm. After comparison, we can find that
the image of the brightness attention mechanism plays a very good auxiliary
effect on the enhancement of low-light images, and finally helps our algorithm
generate excellent results.
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