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Abstract: The poor quality of images recorded in low-light environments affects their further applications. To

improve the visibility of low-light images, we propose a recurrent network based on filter-cluster attention (FCA),

the main body of which consists of three units: difference concern, gate recurrent, and iterative residual. The

network performs multi-stage recursive learning on low-light images, and then extracts deeper feature information.

To compute more accurate dependence, we design a novel FCA that focuses on the saliency of feature channels. FCA

and self-attention are used to highlight the low-light regions and important channels of the feature. We also design

a dense connection pyramid (DenCP) to extract the color features of the low-light inversion image, to compensate

for the loss of the image’s color information. Experimental results on six public datasets show that our method has

outstanding performance in subjective and quantitative comparisons.
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1 Introduction

The continuous updating and upgrading of cur-

rent information technology can be seen everywhere

in efforts to record real-time information by taking

images. However, the camera results are not always

satisfactory. In some adverse environments, espe-

cially low-light scenes with uneven lighting, the light

information received by the camera equipment is in-

sufficient, and the collected images often show low
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brightness, poor clarity, and weak contrast. This sit-

uation causes texture information in the image itself

to be hidden in the dark background. This not only

violates the photographer’s desire to record informa-

tion, but also affects subsequent collection of infor-

mation from the image. Although such problems

can be alleviated by extending the exposure time,

new problems of overexposure and scene blur may

arise when using the deep retinex network (Yang WH

et al., 2021a). Therefore, it is of vast significance to

construct a practical low-light enhancement frame-

work to improve the quality of low-light images. This

effort will benefit some vision tasks, e.g., target de-

tection (Liu L et al., 2020; Xie et al., 2021), real-

time tracking (Yang B et al., 2021), and autonomous

driving (Peng et al., 2020; Aradi, 2022), performed

in low-light environments, such as during the night.
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Fig. 1 Detailed enlargement comparison on the MIT-Adobe FiveK dataset

Fig. 1 shows a detailed magnification comparison on

an MIT-Adobe FiveK dataset (Bychkovsky et al.,

2011). The low-light problems can be seen in the

raw image. Compared with other results, our result

is most consistent in color with the ground truth, and

the texture details on the door have good clarity.

In recent years, low-light image enhancement

has become a research hotspot of computer vision.

A large number of technical studies have emerged in

related fields. They can be roughly classified into

three categories: global adjustment based methods,

physical model based methods, and deep learning

based methods.

1.1 Global adjustment based methods

Low-light images usually show dense black pix-

els, and histogram equalization (HE) and gamma

correction (GC) have served as inspiration for such

methods. HE adjusts the probability density func-

tion of gray scale to make the distribution of image

pixels more uniform, which improves the contrast

of the image. Since there is no constraint on the

enhancement of local information, early HE-based

methods (Cheng and Shi, 2004; Abdullah-Al-Wadud

et al., 2007) generated overexposure, chaotic color,

and numerous artifacts, so some optimized HE meth-

ods were proposed. Celik and Tjahjadi (2011) and

Lee et al. (2013) obtained smoother two-dimensional

histograms by amplifying the gray-scale difference

between adjacent pixels. Wu et al. (2017) adaptively

adjusted the contrast gain from HE based on spa-

tial saliency and dark channel prior. Li CL et al.

(2020) used the quasi-symmetric correction function

to provide pre-processing for the HE input. Xu CR

et al. (2020) designed a visibility evaluation model to

set the threshold in the histogram to avoid the noise

amplification problem.

GC uses the characteristics of illumination dis-

tribution to adjust the gamma value in the power

exponential function, where all pixels of low-light

images are mapped by the function to improve the

contrast. Shiau et al. (2015) used bidimensional em-

pirical mode decomposition to assist the contrast

adjustment of GC. Singh H et al. (2017) used the

optimally weighted interim intensity channel to de-

rive a more accurate gamma value-set. Wang W

et al. (2019) proposed a variational model incorpo-

rating an energy function to determine the appro-

priate local gamma value. Li PL et al. (2021) pre-

processed images under the iterative back-projection

framework, and then adjusted the image brightness

by adaptive GC. Xu YD et al. (2021) fused images of

different frequency bands by constructing exposure,

global contrast, and local contrast weight maps.

These methods have led to great improvement

in the contrast of low-light images. However, due

to insufficient attention to the natural authenticity

of the images, the results generated are prone to

uneven exposure or unnatural colors, which leads to

a certain deviation between the enhanced image and

the real scene.

1.2 Physical model based methods

Based on human visual perceptual characteris-

tics, retinex theory decomposes the image into il-

lumination and reflection layers, and enhances the

image by adjusting and combining these two layers.

Guo XJ et al. (2017) constructed the illumination

layer using R, G, and B channel maximum pixels,

and then refined the illumination layer using a prior.

Li MD et al. (2018) proposed a robust retinex model

to estimate the noise map to deal with strong noise

hidden in low-light scenes. Ren XT et al. (2018) en-

hanced the low-light image in the illumination layer
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while suppressing noise in the reflection layer. Hao

et al. (2020) estimated the illumination layer by the

Gaussian total variation filter and jointly estimated

the reflection layer through the retinex constraint.

Liu RS et al. (2021) provided a low-light optimiza-

tion process for images based on retinex rules, and

established the low-light prior by the reference-free

learning strategy. Yang WH et al. (2021a) obtained

the illumination map and reflection map of the en-

hanced image through the enhancement network and

the restoration network, respectively.

Many studies have noticed the connection be-

tween other physical models and low-light images as

a way to perform low-light image enhancement. Li

L et al. (2015) first denoised the image based on

the block-matching and three-dimensional filtering

(BM3D) and the structural filtering, and then adap-

tively enhanced the contrast with the dark chan-

nel priori model. Yu and Zhu (2019) proposed a

physical lighting model with the environmental light

and the light-scattering attenuation rate to restore

low-light images. Ying et al. (2017) adjusted the

color and brightness of low-light images through

the camera response model and illumination esti-

mation techniques. Chen et al. (2019) designed an

entropy-preserving mapping to enhance image con-

trast. Wang SH and Luo (2018) enhanced image

contrast and naturalness based on a naturalness-

preserving enhancement algorithm and multi-layer

brightness prior. Wang YF et al. (2019) constructed

an absorption light-scattering model to adjust low-

light images by reducing the influence of atmospheric

light and transmittance. Singh N and Bhandari

(2021) improved the image quality based on a re-

flection model and principal component analysis.

The model-based methods add physical inter-

pretation to low-light image enhancement, enabling

significant results in light adjustment of images.

However, the parameter adjustment of the model

generally originates from manual design, which is not

robust enough for low-light image enhancement in a

variety of scenes, and the results are prone to over-

exposure or underexposure. In addition, the noise

of the image itself is susceptible to amplification by

such methods, resulting in local detail blur.

1.3 Deep learning based methods

Recently, deep learning, which has achieved

great success in many fields (Lim et al., 2020; Yan

et al., 2020a, 2020b; Li JJ et al., 2021; Huang ZX

et al., 2022; Zhang TL et al., 2022), has been widely

used in the field of low-light enhancement. Lore et al.

(2017) proposed a new stacked sparse denoising auto-

encoder for image enhancement and noise reduction.

Zhang YH et al. (2019) performed light adjustment

and degradation removal on images in the network,

and trained the network under various lighting con-

ditions. Ren WQ et al. (2019) combined an auto-

encoder and a spatially variant recurrent neural net-

work to construct more edge details. Xu K et al.

(2020) proposed a network for different frequency

layers. The network removes noise and enhances de-

tails in low-frequency layers and high-frequency lay-

ers, respectively. Wang LW et al. (2020) proposed

lightening back-projection to assist the network in

iterative enhancement. Lv et al. (2021) directed at-

tention to brightness enhancement and noise removal

on a synthetic low-light dataset. Ma et al. (2022)

designed two estimation networks of brightness and

reflectivity, and used spatial correlation to connect

these two networks.

Some deep learning methods avoid the require-

ment for paired training data by generative adversar-

ial networks (GANs) or other methods. Jung et al.

(2020) used cycle adversarial networks to transform

low-light image styles, and evaluated the image qual-

ity through the proposed frame consistency. Guo CL

et al. (2020) proposed zero-reference deep curve esti-

mation (Zero-DCE), which converts low-light image

enhancement into specific curve estimation, and en-

hances the visibility of low-light images by adjusting

the specific curve. Liu YJ et al. (2021) used Zero-

DCE to preprocess images and added fractional or-

der differential gradient masks to the discriminator.

Yang WH et al. (2021b) designed a deep recursive

band representation to integrate fully supervised and

semi-supervised networks. Jiang et al. (2021) used

self-regularization in unsupervised networks to guide

the low-light image enhancement process.

Deep learning methods have led to impressive

improvements in low-light image visibility, but still

fall short when there are excessive color changes in

low-light scenes, and the color information loss prob-

lem is often seen in the deep network architecture.

In this work, we propose a recursive network based

on filter-cluster attention (FCA), and the main con-

tributions of our method are as follows:

1. We propose FCA to measure the feature space
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and channel saliency, which makes the network pay

more attention to the defect regions and important

channels.

2. We add a dense connection pyramid (DenCP)

to extract the inverted image features with high

brightness, so the dark regions in each iterative learn-

ing can be enhanced.

3. We design a multi-stage recursive network,

the network input of which consists of both low-light

images and FCA results. After learning three units,

i.e., difference concern, gate recurrent, and iterative

residual, the learning results are further combined

with DenCP to obtain the final output.

2 Methodology

The detailed framework of the proposed network

is shown in Fig. 2. In this section, we will introduce

the details of the network. First, we will introduce

the proposed FCA, then the designed DenCP, and

finally the detailed network structure and the loss

function.

2.1 Network structure

As shown in Fig. 2, we design a multi-stage re-

current network for low-light image enhancement,

which consists of three units: difference concern,

gate recurrent, and iterative residual. The differ-

ence concern unit focuses on the difference between

the learning results of each iteration and the output

of FCA, the gate recurrent unit (GRU) selectively

remembers the multi-stage global information, and

the iterative residual unit performs intensive feature

extraction for this iteration. Finally, the enhanced

image is obtained by two-step mapping between the

brightening result of DenCP and the residual learn-

ing result. Next, we describe the three units of the

network in detail.

DenCP

R1

R2

××

1 ×××××××

Linear ReLU Sigmoid

××

Conv Tanh

××

R1

R2

×××××

×××××
×××××

×3

+++++++
Pixel-wise 

addition

Channel-wise 

addition

+++ +++

++++

+++

++++

+++ +++ +++

DRCP 

output
Attention

output

Reverse

R
GRU

output

1 ××××××× +++++++

1 ××××××× +++++++

Difference 

concern unit

Gate 

recurrent unit

Iterative 

residual unit

Avgpool
DenCP

D

oo
DenCP

DenCP

R2

R3

××

××
××

R2

R3

×××××

×××××
×××××

×3

+++

+++

+++

+++ +++ +++

DenCP

Rn ××

××

××

Rn ××××××

××××××

×××××

×3

+++

+++

+++ +++ +++ +++

Input imageInput imageInput image

Reverse imageRRReverse imageeReverse image

Output1Output1Output1

OutputnOOutputnOutputn
Output imageOutput imageOutput image

SA-

FCA

SA-

FCA

SA-

FCA

SA-

FCA

SA-

FCA

Fig. 2 Architecture of the proposed network. The network transforms low-light images into enhanced images

after multiple iterations, and the input of each iteration consists of the result of the previous iteration and

the two-stage attention output. The two-stage attention is composed of self-attention and the proposed

filter-cluster attention (FCA). Each iteration is divided into three units, difference concern, gate recurrent,

and iterative residual, and the results of the three units are superimposed on the dense connection pyramid

(DenCP) output to obtain the enhanced image. The detailed structures of FCA and DenCP are shown in Figs.

3 and 4, respectively
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2.1.1 Difference concern unit

By two-step calculation of the input image space

and channel dependency, FCA highlights the low-

light regions and important channels, and the differ-

ence concern unit focuses on the difference between

each iteration result and the FCA output. This

enhances the network’s ability to enhance the low-

light regions and improve brightness and contrast

performance.

This unit first superimposes the three-channel

iterative output and the FCA output to obtain a fea-

ture input of shape H × W × 6. To learn the differ-

ence between each iteration result and the FCA out-

put, the feature input is first expanded to 32 channels

by convolution, and then the feature is compressed

into a real sequence sr ∈ R
32×1×1 by the avgpool

layer. The sequence not only represents each chan-

nel of the previous iteration result, but also includes

the salient channels that are labeled in FCA. The

difference in the sequence is obtained by crossing the

linear layer with the activation function. The process

is shown in Eq. (1):

d = FSig (w2FR (w1sr)) , (1)

where d ∈ R
32×1×1 represents the calculated differ-

ence, FSig and FR represent the nonlinear sigmoid

function and the linear ReLU function respectively,

and w1 and w2 represent the weights obtained from

the learning of two linear layers. We multiply d by

the previous 32 channel features to label the differ-

ence of each channel. The labeled results are con-

nected with the input features to prevent the vanish-

ing gradient. Finally, the input for the next stage is

obtained by convolution and the ReLU function.

2.1.2 Gate recurrent unit

In the long-term memory and back-propagation

of multiple iterations, the network is prone to prob-

lems such as vanishing gradient and information loss.

Adding recurrent units in network iterations can

provide a good solution to such problems. Con-

sistent with the idea of long short-term memory

(LSTM) (Hochreiter and Schmidhuber, 1997), GRU

(Cho et al., 2014) can improve network memory

for important past information, and can indepen-

dently filter the remaining information. Different

from LSTM, GRU uses only two reset gates and up-

dates to achieve good performance; that is to say, the

cost of GRU calculation is lower, which is undoubt-

edly more profitable for multi-iteration networks.

The input x of GRU is composed of the previous

unit output and the previous GRU output. The sig-

moid function is used to convert x to the gate signal

in [0, 1]. The two signals are calculated as

s = σ (w (x, ri−1)) , (2)

where s represents the gate signal, σ represents the

sigmoid function, w represents the content selection

weight for convolutional learning, x is the output of

the previous unit, and ri−1 is the GRU output from

the previous iteration. The gate signal is then mul-

tiplied by ri−1 to reset the data, and the reset data

are added to the previous unit input and transferred

to the tanh function. The current unit information

is obtained as

r′ = tanh (x, siri−1) . (3)

Finally, we update the gate signal si to forget

and accept information. When s is closer to 1, more

information needs to be accepted; when s is closer

to 0, more information needs to be forgotten. The

update expression is shown as

ri = (1 − s)ri−1 + sr′, (4)

where ri represents the GRU output from this itera-

tion, (1−s)ri−1 represents the selective forgetting of

the output from the pervious iteration, and sr′ rep-

resents the selective undertaking of the current unit

information.

2.1.3 Iterative residual unit

The superposition of residual blocks brings deep

feature extraction, but also tends to bring com-

plex parameters that affect the network performance.

Therefore, we choose the iterative approach to share

the parameters for each round of residual compu-

tation. We design an iterative residual unit con-

taining three rounds of the residual learning process.

Each round of residual learning passes through three

learning regions consisting of two convolutional lay-

ers crossed with the ReLU activation function, in

which the convolutional kernel size and step size of

all convolutional layers are 3× 3 and 1, respectively.

Each region is skip connected with the output of the

front region after learning.
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The result of residual learning is superimposed

with the DenCP brightening result, and undergoes a

two-step mapping process consisting of convolution

and ReLU crossover: fH×W×2×C → fH×W×C →

fH×W×3. The first step of mapping learns the

weights between the brightening result and the resid-

ual result channels, and the channels are fused to

compensate for the under-brightened regions in this

iteration learning. The second step of mapping

restores the features to three channels, thus out-

putting the enhanced image of this iteration and

transferring the image to the next iteration for fur-

ther enhancement.

2.2 Filter-cluster attention

In this network, the input image first goes

through a two-stage attention process, and the first

stage is the self-attention process that focuses on re-

gion correlation. Because there are defective regions

with insufficient brightness in low-light images, by

self-attention the dependence between image regions

can be calculated to focus on dark pixel concentra-

tion regions. Each channel of the feature contains

different information and different saliency. There-

fore, in the second stage, we design FCA that focuses

on channel saliency and dependency. FCA first filters

channels with low saliency, then calculates the de-

pendence and redistributes the channel weights, and

finally combines each channel group to obtain the

final output. Compared with similar channel atten-

tion, FCA also undergoes the compression-expansion

process, but introduces sparsity and adaptivity in

the attention computation process, which enables

features to obtain more tightly connected channels

after dependency filtering, enabling correlation com-

putation to be performed accurately.

Fig. 3 shows the detailed structure of self-

attention (SA) and FCA. At the end of the self-

attention, we set a deconvolution layer to expand

the feature channel to facilitate further FCA calcu-

lation. The self-attention results first pass through

the normalization and ReLU activation functions.

To calculate the channels, the avgpool operation is

used to compress the features f of shape C × H ×

W to the channel real number Rc of shape C × 1

× 1, where c is the number of channels. To mo-

tivate the network to adopt different sub-channels

to express the rich features, Rc is inputted to the

saliency learning region of each group, which con-

sists of two regions where the linear layer and the

ReLU function intersect, Rc undergoes a mapping

process (Rc → Rc(1−s) → Rc) in this region, and s

is the compression rate of the first linear layer. The

saliency learning about the ith group is as given in

Eqs. (5) and (6):

Rc(1−s) = Fs (Rc) , (5)

pi = FR

(

wi
(

Rc(1−s)

)

+ bi
)

, (6)

where pi represents the saliency vector of the ith

group, wi and bi represent the weight and bias

learned at the two cross regions respectively, Fs (x)

represents the channel compression of Rc at the first
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Fig. 3 The two-stage attention involved in the network. The first stage is self-attention (SA) and the second

stage is filter-cluster attention (FCA)
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cross region, and FR represents the ReLU function.

According to the saliency vector, we set the filter-

ing rate for each group to determine the threshold

θi, and filter each channel with the saliency pi. The

filtering process for pi is

pi =

{

pi, ||pi|| > θi,

0, ||pi|| ≤ θi.
(7)

The filtered sequence is multiplied by the pre-

processed features to remove the less salient channels

in the features, and the other channels are amplified

to varying degrees to obtain a group of saliency an-

notation results. Because each channel in the group

has strong saliency, we will calculate the dependency

in the group more accurately. We refer to the design

of efficient channel attention (ECA) (Wang QL et al.,

2020) to calculate the within-group dependency. The

dependency learning process of the ith group is

y = Favg

(

pif
)

, (8)

di = FSig





n
∑

j=1

wj,iyj,i



 , (9)

where y represents the sequence of annotation results

compressed by the avgpool operation. Different from

saliency calculation, the real number sequence is not

further compressed here. After the convolutional

layer and the sigmoid function FSig with nonlinear

mechanism, each channel has its corresponding de-

pendency di, which is multiplied by the annotation

results and combined with other group results to ob-

tain the final attention output.

2.3 Dense connection pyramid

Most of the low-light images have low pixel val-

ues, leading to the overall darkness of the image. Af-

ter network enhancement, the color may appear less

visible and less vibrant. To avoid excessive noise, we

choose to use simple inversion to obtain the inversion

image with high brightness. However, the inverted

image is still uneven in color, and the direct linear

superposition will destroy the detailed information

of the enhanced image. Therefore, we try to extract

features from the inverse image to compensate for

the less vividly colored regions in the enhancement

results. Based on the idea of dense connection and

UNet, we design DenCP, which exploits the similar-

ity and difference of multi-scale features to extract

the auxiliary brightness information needed by the

network. After each iteration, we combine the fea-

tures of the DenCP output to use the rich color in-

formation provided by the inversion image.

Fig. 4 shows the specific structure of DenCP de-

signed in this paper. We design four basic layers in

DenCP, which perform feature fusion, up-sampling,

down-sampling, and module aggregation, separately.

Through these four basic layers and convolution lay-

ers, we build the coding module, aggregation module,

and decoding module. Considering the parameter

complexity in traditional dense connection networks

(Huang G et al., 2017), DenCP densely aggregates

only the previous layer features at the last layer,

while the input of the middle layer comes from the

sum of the features of the upper two layers, which

Avgpool DeConv

ReLUConv Norm
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c

c → c
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c
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4c

4c → 2c

2c

4c

4c → 2c

2c2222c2c

4c

4c → 2c
2c

2c → c

4c

4c → 2c
2c

2c→ c222222c c2c → c

c

c → c

c → c/2

c

c → c

c→ c/2ccc c////2222cc → c/2

Dense 

encoder

Dense 

aggregator

Dense

decoder

Fuse Up-sample Down-sample Aggregate
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Fig. 4 The specific structure of DenCP. The inverse color image of the original image is used as the input to

the pyramid. Above is the DenCP outline framework, and below is the detailed structure of each component

and the change of the feature channels in the four basic layers
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are expressed as

fi =

{

Ff(fi−2, fi−1), i 6= n,

Fa(f0, f1, . . . , fi−1), i = n,
(10)

where n represents the total number of layers,

f0, f1, . . . , fi−1 represent the features in each layer

of the module, Ff represents the feature fusion op-

eration in the middle layer, and Fa represents the

module aggregation operation for all layer features

at the last layer. In the encoding module and decod-

ing module, we design the down-sampling layer and

up-sampling layer at the final and initial parts of the

module, respectively. The calculation of features in

two layers is shown as

fsc = Fsc (wFR (fi)N + b) , (11)

where fsc represents the feature after scale change,

Fsc represents the scale change function, which is

the avgpool in the down-sampling layer and decon-

volution in the up-sampling layer. w and b are the

weight and bias learned in the convolution layer re-

spectively, and (·)N represents the normalization op-

eration. DenCP scales down and enlarges the fea-

tures twice, and performs two skip connections to

combine the global information of the network to

supplement the information loss in the scale change.

2.4 Loss function

Due to the huge structural differences between

low-light and normal images, the proposed network

first adopts a supervised learning method for struc-

tural similarity. In addition, the enhanced images

may have under-enhanced dark or over-enhanced

bright spots. The network also focuses on the overall

image continuity during the training process. The

total loss Lsum of the network consists of two kinds

of losses: structural similarity (SSIM) loss Lssim and

total adjacent variation (TAV) loss Ltav. The expres-

sion of the total loss is shown in Eq. (12) (see the bot-

tom of this page). Ie represents the enhanced image,

Igt represents the ground truth, and µ is the hyper-

parameter used to balance the two losses, which is

set to 0.000 01 in this experiment.

2.4.1 SSIM loss

SSIM can measure the structural similarity be-

tween the network enhancement results and ground

truth during the training process, to motivate the

network to generate enhancement results that are

more similar to the target. The value range of SSIM

is from 0 to 1. The higher the value, the higher the

similarity between the two images.

The expression of SSIM is shown in Eq. (13)

(see the bottom of this page). µ (·) is the average

function representing image brightness, σ (·) is the

variance function representing image contrast, and c1

and c2 are constants that suppress the denominator

to 0. Following the recommended parameters, we

set c1 and c2 to 0.0001 and 0.0009, respectively. In

this study, we define the structural similarity loss as

Lssim (Ie, Igt) = 1− SSIM (Ie, Igt).

2.4.2 TAV loss

The low-light image may have regions with large

color-change differences, which leads the network to

produce enhanced images with insufficient continu-

ity. To make the generated image smoother, the net-

work needs to pay attention to the color difference in

the low-light scene during the training process. In-

spired by total variation (TV), we design TAV with a

larger calculating domain, paying more attention to

the variation between image points and adjacent pix-

els. The calculating domain of TAV is expanded from

the right point and the lower point to the four neigh-

borhoods, and the gradient of the adjacent region is

calculated more comprehensively, thereby motivat-

ing the network to generate more continuous images

in the training process. The TAV loss is shown in

Eq. (14) (see the bottom of this page).

Lsum

(

Ie, Igt
)

= Lssim

(

Ie, Igt
)

+ µLtav (I
e) . (12)

SSIM
(

Ie, Igt
)

=
2µ (Ie)µ (Igt) + c1

µ2 (Ie) + µ2 (Igt) + c1

2σ (Ie)σ (Igt) + c2

σ2 (Ie) + σ2 (Igt) + c2
. (13)

Ltav (I
e) =

1

3

3
∑

c=1

H
∑

i=1

W
∑

j=1

4

√

∣

∣Iei,j − Iei−1,j

∣

∣

∣

∣Iei,j − Iei,j−1

∣

∣

∣

∣Iei,j − Iei+1,j

∣

∣

∣

∣Iei,j − Iei,j+1

∣

∣. (14)
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3 Experiments

In this section, we present the implementation

details, perform visual and quantitative comparison

with other advanced methods on reference and non-

reference datasets, and perform ablation studies to

demonstrate the optimal number of iterations and

the effectiveness of each component. Finally, we

provide a specific analysis of the underperforming

indexes.

3.1 Implementation details

Training details: the experiments are conducted

on a server with the Ubuntu 18.04 operating sys-

tem, TITAN RTX graphics card with 24 GB graphics

memory, Intel Xeor Silver 4210 CPU, and 376 GB

memory. The training datasets are obtained from the

LOL dataset (Wei et al., 2018) and the brightening

dataset (Wei et al., 2018). The LOL dataset contains

500 pairs of images and the brightening dataset con-

tains 1000 pairs of images, for a total of 1500 pairs of

images, of which 1350 pairs are used for training and

150 pairs for reference testing. We build the network

model in the pytorch framework with a total training

batch size of 100. The learning rate is set to 0.0001,

which is automatically adjusted with the Adam op-

timizer (Kingma and Ba, 2014) during the training

process.

We perform subjective and quantitative com-

parisons with seven advanced methods, including

three traditional methods JED (Ren XT et al., 2018),

RRM (Li MD et al., 2018), and EFF (Ying et al.,

2017), and four deep learning methods DLN (Wang

LW et al., 2020), KinD (Zhang YH et al., 2019),

MIRNet (Zamir et al., 2020), and R-Net (Wei et al.,

2018). We compare the proposed method with ad-

vanced methods on the LOL (Wei et al., 2018), MIT-

Adobe FiveK (Bychkovsky et al., 2011), NPE (Wang

SH et al., 2013), DICM (Lee et al., 2012), ExDark

(Loh and Chan, 2019), and LIME (Xu YD et al.,

2021) datasets. For the reference datasets LOL and

MIT-Adobe FiveK, we use the peak signal-to-noise

ratio (PSNR), structural similarity (SSIM), feature

similarity (FSIM) (Zhang L et al., 2011), lightness

order error (LOE) (Wang SH et al., 2013), and mean-

squared error (MSE) indexes for evaluation. For the

non-reference datasets NPE, DICM, ExDark, and

LIME, we use the BRISQUE (Mittal et al., 2013)

and ENTROPY indexes for evaluation.

3.2 Evaluation on reference datasets

Fig. 5 shows the performance of the different

methods on the LOL and MIT-Adobe FiveK refer-

ence datasets. The results of JED and RRM still

have more dark regions, and the image details are

blurred in the regions where black pixels are con-

centrated. EFF shows the best enhancement ef-

fect among the traditional methods, but still suffers

from under-enhancement. The enhancement effect

of DLN and KinD is outstanding and the detailed

information is well preserved, but the examples (d)

of DLN and MIRNet show exposure at the sky back-

ground, the examples (b) of MIRNet have a large

amount of patchy noise in the background, and the

portrait sculpture also suffers from detail loss due to

Raw JED RRM EFF DLN KinD MIRNet R-Net Ours GT

(a)

(b)

(c)

(d)

Fig. 5 Comparison on the reference datasets LOL and MIT-Adobe FiveK, with (a) and (d) from the LOL

dataset and (b) and (c) from the MIT-Adobe FiveK dataset
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over-smoothing. R-Net produces the most vivid col-

ors among all methods, but the image is not clear,

and most regions show a foggy hazy effect. Com-

pared with the other methods, our method generates

a good light continuity result, effectively improving

the brightness and clarity of the image, and no un-

desirable results of overexposure and noise. Specif-

ically, in the (b) and (c) examples, our method has

the closest light, shadow, and color to the ground

truth.

In Fig. 6, we show a comparison of the detailed

enlargement on the LOL dataset. DLN and R-Net

restore some contour to the sculpture, but the images

generated are still blurred. The other methods fail

to restore the sculpture to its original appearance.

Although our method has certain color differences

compared to the ground truth, the sculpture itself

has the clearest contour among all the results. Ta-

bles 1 and 2 compare the indexes of all methods on

the LOL and MIT-Adobe FiveK datasets, respec-

tively. The higher the values of PSNR, SSIM, and

FSIM, the higher the similarity between the color,

structure, and features of the enhancement results

and the ground truth. The lower the values of LOE

and MSE, the closer the brightness and pixels of the

enhancement result to the ground truth. As can

be seen in Table 1, RRM achieves suboptimal LOE,

and DLN achieves suboptimal performance in terms

of other indexes. DLN has exposure in the brightness

concentration region in the original images, thus af-

fecting its LOE index. Our method achieves optimal

performance in all indexes, which indicates that our

method has a higher similarity to the ground truth

in LOL.

Table 2 shows the index performance regarding

the MIT-Adobe FiveK dataset, where optimal and

suboptimal index performances are achieved by EFF,

DLN, and our method. The color, structure, and

pixels of our method are more similar to the ground

truth, while our method is not as good as DLN in

terms of feature and brightness approximations.

Table 1 The mean values of PSNR, SSIM, FSIM,

LOE, and MSE on the LOL dataset

Method PSNR SSIM FSIM LOE MSE

JED 17.662 0.7918 0.8935 70.340 0.006 87

RRM 17.756 0.7872 0.8852 65.590 0.006 66

EFF 17.800 0.7934 0.9096 78.032 0.007 26

DLN 18.492 0.8729 0.9236 78.283 0.005 43

KinD 17.703 0.7961 0.9029 94.753 0.006 81

MIRNet 16.096 0.7618 0.8767 110.860 0.008 95

R-Net 17.321 0.7895 0.8619 223.740 0.005 45

Ours 23.414 0.9337 0.9674 49.136 0.002 46

The optimal values are in bold and the suboptimal values

are underlined

Table 2 The mean values of PSNR, SSIM, FSIM,

LOE, and MSE on the MIT-Adobe FiveK dataset

Method PSNR SSIM FSIM LOE MSE

JED 17.990 0.7879 0.8936 108.130 0.004 69

RRM 17.999 0.7989 0.8941 108.080 0.004 68

EFF 18.322 0.8463 0.9233 108.580 0.004 60

DLN 17.819 0.8357 0.9556 45.731 0.005 97

KinD 16.294 0.8148 0.9195 193.400 0.007 09

MIRNet 17.073 0.7924 0.9190 126.600 0.007 09

R-Net 12.596 0.7126 0.8069 571.960 0.015 38
Ours 19.166 0.8523 0.9428 58.752 0.004 56

The optimal values are in bold and the suboptimal values

are underlined

3.3 Evaluation on no-reference datasets

We also conduct experiments on NPE, DICM,

ExDark, and LIME. The results of all methods are

shown in Fig. 7. JED, RRM, and R-Net have im-

proved image brightness and contrast to a certain ex-

tent, but make examples (b) and (d) produce severe

Raw JED RRM EFF DLN

KinD MIRNet R-Net Ours GT

Fig. 6 Detail enlargement comparison on the LOL dataset
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color deviation, which affects image visibility. In ad-

dition, R-Net spreads the local color in examples (c)

to the full image, dramatically deepening the blur-

ring of the image. EFF, DLN, and KinD enhance

the visibility of the low-light image better, but still

produce color deviations in examples (b) and (d),

and DLN over-enhances regions where brightness is

concentrated, which also produces the exposure ef-

fect. For MIRNet and our method concerning ex-

amples (b) and (d), image brightness and contrast

are improved without introducing other colors, but

our method has better brightness and sharpness. In

addition, our method removes the green color devia-

tion in underwater images (c), and makes examples

(a) more vibrant, showing that it can produce visu-

ally pleasing results in most cases.

Fig. 8 shows the enlarged details of all the results

on the DICM dataset. The results of JED and MIR-

Net are so dark that the figure outline is almost un-

recognizable. Other methods improve the clarity of

the figure somewhat, but overall is still dark. R-Net

and our method improve the brightness of the figure

a lot, but the results of R-Net have many blurred

patches, affecting the figure clarity. Fig. 9 shows the

enlarged details on the ExDark dataset. Different

from other methods, EFF, MIRNet, and our method

are not affected by the green color, while the bright-

ness of the results of EFF and our method are more

prominent. Fig. 10 shows the enlarged details on the

NPE dataset. The results of DLN and MIRNet are

exposed in light, while in the resulting image of other

methods, the periphery of the lampshade is affected

Raw JED RRM EFF DLN KinD MIRNet R-Net Ours

(a)

(b)

(c)

(d)

(e)

Fig. 7 Comparison on no-reference datasets DICM, ExDark, and LIME, with (a) and (d) from the ExDark

dataset, (b) from the LIME dataset, and (c) and (e) from the DICM dataset

Raw JED RRM EFF

DLN KinD MIRNet R-Net

Ours

Fig. 8 Detailed enlargement comparison on the DICM dataset
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Raw JED RRM EFF

DLN KinD MIRNet R-Net

Ours

Fig. 9 Detailed enlargement comparison on the ExDark dataset

Raw JED RRM EFF

DLN KinD MIRNet R-Net

Ours

Fig. 10 Detailed enlargement comparison on the NPE dataset

by certain light source outward expansion. Although

this phenomenon is not obvious in our method, the

color inside the lampshade is not vivid enough.

Table 3 shows the indexes on the four no-

reference datasets. The lower the value of BRISQUE,

the better the spatial quality of the image. The

higher the value of ENTROPY, the better the perfor-

mance in content richness. Regarding the BRISQUE

index, our method achieves optimal performance on

NPE, DICM, and ExDark, and suboptimal perfor-

mance on LIME, and DLN achieves suboptimal and

optimal performance on the first three datasets and

the LIME dataset, respectively. This indicates that

DLN and our method have good visual performance

on all four datasets. However, on the LIME dataset,

our method is not as prominent as DLN in terms

of color vividness, which consequently affects the

BRISQUE index. Regarding the ENTROPY index,

our method achieves the best performance on the

NPE, ExDark, and LIME datasets. This indicates

that our method produces content-rich results on all

three datasets, while it does not obtain a good EN-

TROPY index on the DICM dataset. We will ana-

lyze this in Section 3.5.

3.4 Ablation studies

We conduct ablation studies on the iteration

number and the components of the network, to

demonstrate the optimal iteration number and com-

ponent effectiveness. We train different networks

with 1–6 iterations. Fig. 11 shows the comparison of

the enhancement effect with different iteration num-

bers. At iteration 1, the enhancement result is dull

and less visible than other results, while at itera-

tions 2, 4, and 5, the network generates other colors,

affecting the original color of the image to some ex-

tent, and the result at iteration 2 produces exposure

in the sky background. The network generates simi-

lar results of brightness and color at iterations 3 and

6, achieving a better visual performance. Fig. 12

shows the changes in the different indexes with the

increase of the iteration number. It can be seen that

the network achieves the best values of PSNR, SSIM,

FSIM, and MSE at iteration 3, while at iteration 1

it achieves the best values of the LOE index. In

general, we decide to use the network with iteration

3.

We also perform an ablation study to ana-

lyze the various components in the network. The
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Table 3 The mean values of BRISQUE and ENTROPY on the NPE, DICM, ExDark, and LIME datasets

BRISQUE ENTROPY
Method

NPE DICM ExDark LIME NPE DICM ExDark LIME

JED 29.908 21.710 29.923 28.883 6.9446 6.8285 7.0567 6.0133

RRM 27.177 28.044 26.948 30.114 7.1836 7.0032 7.1836 6.5648

EFF 16.210 20.034 20.801 18.250 7.1629 6.7907 7.1038 6.0380

DLN 18.988 16.205 17.010 15.199 6.5529 6.8133 7.0411 6.1022
KinD 21.364 23.816 22.809 23.988 7.1237 7.1751 7.2066 6.1590

MIRNet 19.988 16.945 20.628 21.956 6.7444 6.9382 6.8717 5.9754

R-Net 25.742 32.819 23.955 27.837 7.0555 7.0288 7.3379 6.2415

Ours 18.680 13.854 15.543 17.485 7.3419 6.9630 7.3710 6.5861

The optimal values are in bold and the suboptimal values are underlined

Raw I=1 I=2 I=3 I=4 I=5 I=6

(a)

(b)

(c)

(d)

Fig. 11 Comparison of networks with different numbers of iterations, with (a)–(d) from the LOL dataset

PSNR SSIM FSIM LOE MSE

Fig. 12 The index changes of the network under different iteration numbers. The best index is marked with

red dots (References to color refer to the online version of this figure)

configurations of each experiment are as follows:

(1) -w/o TAV: without TAV loss, (2) -w/o FCA:

without FCA, (3) -w/o DCU: without difference

concern unit, (4) -w/o GRU: without GRU, (5) -

w/o IRU: without iterative residual unit, (6) -w/o

DenCP: without DenCP, and (7) ours: complete

component network.

In Fig. 13, -w/o TAV is not smooth due to failing

to focus adjacent pixels, and the overall color conti-

nuity of the tree and tower in examples (a) is not

strong. The results of -w/o FCA and -w/o DenCP

both show that the color is not bright enough. As

can be seen in examples (a), -w/o DenCP even causes

the tower spire to be affected by other colors. Due to

lack of attention to differences in dark regions, the

details of -w/o DCU results are not bright enough

and colors are not vivid. -w/o GRU causes the trees

in examples (a) to be affected by the red color, and

the plants in examples (c) are also duller.

-w/o IRU shows the phenomenon of over-

enhancement, and multiple exposures can be seen in

the image. The network with complete components

has the best performance in brightness and contrast.

The face in examples (b) is more ruddy and closer to

the ground truth, indicating that the network with

complete components produces more visible results.
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Fig. 13 Comparison of different configuration net-

works, with (a)–(c) from the LOL dataset

Table 4 shows the index performance and run-

time of different configuration networks. -w/o FCA

has the worst performance on PSNR and SSIM, in-

dicating that FCA creates good improvement on the

color and structure of the network. -w/o IRU has

the worst performance on FSIM and LOE, indicat-

ing that IRU has played a certain role in the ex-

traction of feature details and brightness informa-

tion. -w/o GRU has the worst performance on MSE,

indicating that GRU provides an effective adaptive

memory function for network pixel information. The

network of complete components achieves the best

performance in each index, which represents the ad-

vantage of each component to the network. In terms

of running efficiency, -w/o FCA and -w/o DenCP

achieve the highest and second highest rates, re-

spectively. In addition, we compare the efficiency

of DenCP with those of the classical models CNN,

UNet, and ResNet. In the same environment, the

single image runtime is 0.4266 s for CNN, 0.4333 s for

UNet, 0.4674 s for ResNet, and 0.4933 s for DenCP.

It can be seen that DenCP is not as efficient as these

classical models. Although FCA and DenCP make

the network operate less efficiently, we still choose to

keep both modules owing to their advantages.

3.5 Weakness analysis

When the low-light image displays color devi-

ation in the underwater environment, our method

highlights the over-correction ability to enhance im-

age brightness while removing the influence of other

colors. This process suppresses the overly colorful

image, thus leading to the unsatisfactory ENTROPY

index of our method on the DICM dataset, but at

the same time, the image visibility is effectively im-

proved. Therefore, our method achieves the optimal

BRISQUE value. In Fig. 14, we show the comparison

between the raw image and all results for the hard

mix image. The compared methods achieve the ideal

ENTROPY index on DICM. It can be seen that our

method produces the least color blocks in the hard

mix image, which represents lack of content richness,

but also proves that our method has good ability to

correct chaotic colors and makes the overall image

colors more balanced.

Table 4 The index performance and runtime of networks with different configurations on the LOL dataset

Configuration PSNR SSIM FSIM LOE MSE Runtime (s)

-w/o TAV 22.060 0.9224 0.9593 50.481 0.003 05 0.4933

-w/o FCA 21.876 0.9198 0.9601 50.235 0.003 14 0.3600

-w/o DCU 22.692 0.9268 0.9642 51.209 0.002 83 0.4766

-w/o GRU 22.479 0.9252 0.9613 57.304 0.003 21 0.4537

-w/o IRU 22.162 0.9212 0.9589 59.866 0.002 90 0.4600

-w/o DenCP 22.900 0.9301 0.9638 55.861 0.002 62 0.3933
Ours 23.414 0.9674 0.9674 49.136 0.002 46 0.4933

The optimal values are in bold and the suboptimal values are underlined
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Raw RRM KinD RetinexNet Ours

Fig. 14 The comparison between different method

results and raw images for the hard mix image. The

upper part is the original image and the enhancement

results of each method, and the lower part is the

corresponding hard mix detail enlargement. More

color blocks in the figure mean richer information in

the results

4 Conclusions

In this paper, we propose a recurrent network

based on FCA and design a two-stage attention

mechanism consisting of self-attention and FCA,

which focuses on low-light regions and important

channels. The main body of the network consists

of three units: difference concern, gate recurrent,

and iterative residual. The difference concern unit

network learns the difference between the learning

results and the FCA output. GRU memorizes the

global information of multiple stages with lower com-

putational cost. The iterative residual unit extracts

in-depth features by shared parameters. In addition,

we design a DenCP to extract features from the in-

verse image of a low-light image to enhance the color

vividness of each iteration output.

Benefiting from the multiple iterations of net-

work learning, the proposed network has outstanding

quality improvement for low-light images. Through

extensive experiments on public datasets, the pro-

posed method shows good brightness and visibility

enhancement in all methods. The optimal iteration

number and the effectiveness of each component are

validated through ablation studies. Considering that

the proposed method will suppress the original bright

colors when facing the low-light scene with uneven

color, we will apply FCA in the improved network

structure in future work to enrich the saturation and

visual expression of the image. The new network

structure will be applied to low-light video enhance-

ment or other challenging scenes, providing an excel-

lent quality improvement solution for information in

adverse environments.
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