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SMNet: Synchronous Multi-Scale Low Light
Enhancement Network With Local and
Global Concern

Shideng Lin, Fan Tang ", Weiming Dong

Abstract—Limited by objectively poor lighting conditions and
hardware devices, low-light images with low visual quality and low
visibility are inevitable in the real world. Accurate local details
and reasonable global information play their essential and distinct
roles in low-light image enhancement: local details contribute to
fine textures, while global information is critical for a proper
understanding of the global brightness level. In this article, we
focus on integrating local and global aspects to achieve high-quality
low-light image enhancement by proposing the synchronous multi-
scale low-light enhancement network (SMNet). A synchronous
multi-scale representation learning structure and a global feature
recalibration module are adopted in SMNet. Different from
the traditional multi-scale feature learning architecture, SMNet
carries out the multi-scale representation learning in a synchronous
way: we first calculate the rough contextual representations in
a top-down manner and then learn multi-scale representations
in a bottom-up way to generate representations with rich local
details. To acquire global brightness information, a global feature
recalibration module (GFRM) is applied after the synchronous
multi-scale representations to perceive and exploit proper global
information by global pooling and projection to recalibrate channel
weights globally. The synchronous multi-scale representation and
GFRM compose the basic local-and-global block. Experimental
results on mainstream real-world dataset LOL and synthetic
dataset MIT-Adobe FiveK show that the proposed SMNet not only
leads the way on objective metrics (0.41/2.31 improvement of PSNR
on two datasets) but is also superior in subjective comparisons
compared with typical SoTA methods.

Index Terms—Low-light image enhancement, multi-scale
feature learning, deep-learning.
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1. INTRODUCTION

UE to the poor objective lighting conditions and the

limitation of camera equipment, low-light images in
the real world are unavoidable. Low-light images show the
characteristics of low overall brightness and image quality with
severe degradation, such as noise and blur, which cannot fully
express the information in natural shooting scenes, thus limiting
the practical application value of the images. Hardware-based
approaches, such as using flashlights or increasing exposure
time, are limited by usability and performance. Traditional
postprocessing low-light image enhancement methods include
gamma correction [1], histogram equalization [2], [3], Retinex
theory [4], [5], [6], [7], [8], etc. Gamma correction-based
methods manually design nonlinear pixel-intensity formulas
to change the brightness of images. However, a significantly
changed gamma coefficient will lead to a cliff-like drop in
brightness. Histogram equalization-based methods extend the
original histogram of the image into a new high dynamic range
and uniformly transform the histogram to indirectly alter the
brightness. However, those methods are usually ineffective with
images with a high dynamic range originally. Retinex-based
methods decouple low-light images into reflections containing
intrinsic contents and illumination components representing
brightness information. By enhancing the illumination map, the
Retinex-based methods can obtain normal-light images, but the
quality of the results is still limited by manual decoupling and
enhancement formulas.

Recently, researchers have focused on adopting deep learning
frameworks for low-light image enhancement [10], [11]. Lore
etal. [12] proposed the first encoder-decoder-based low-light en-
hancement network by encoding low-light images into hidden
space to obtain strong contextual expression ability and decoding
them to obtain normal-light images. Afterward, Retinex theory
was incorporated into the encoder-decoder pipeline to regulate
the pixel-wise generation process with additional domain knowl-
edge [13], [14]. With Retinex decomposition, RetinexNet [9] is
by nature a good structure for light condition adjustment and can
significantly improve the light condition and recover bright col-
ors. However, the generated visual results are unsatisfactory in
terms of both brightness and naturalness (as shown in Fig. 1(b)).
To utilize large-scale unpaired data, EnlightenGAN [15] adopted
global-local discriminators and additional attention modules
across different layers in the encoder-decoder framework to
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Visual results of different SOTA methods. Compared with other SOTA methods, our method produces results with better global brightness level and fine

local textures without noise on the mainstream real-world dataset LOL [9]. Please zoom in for a better look.

generate natural results. With the global-local discriminators,
the overall brightness is more natural than RetinexNet. As
shown in Fig. 1(c), the brightness distribution of RetinexNet
is more similar to that of the ground truth compared with
EnlightenGAN.

However, all of these encoder-decoder-based generators
suffer from the missing details in the enhanced results (see blue
boxes in Fig. 1(b) and (c)). The frequent down-and-up sampling
in the feature flow of encoder-decoder structures leads to the mis-
alignment of local spatial details among input and output images.
As a typical pixel-to-pixel generation task, low-light image en-
hancement requires accurate local details and reasonable global
brightness information to maintain the content consistency of
the input and the output and improve the brightness level of the
output.

Considering the importance of accurate local details and
global brightness distribution in low-light conditions, we pro-
pose a synchronous multi-scale representation network (SMNet)
for learning effective feature representations. Different from
traditional multi-scale learning approaches [10], [16] where
the multi-scale features are learned in a parallel way, the pro-
posed synchronous multi-scale feature learning framework ar-
ranges the feature flow of different scales in a top-down to
bottom-up way. The low-resolution bottom branch first ex-
tracts high-level information in the top-down flow. The top
high-resolution branch of the multi-scale network without re-
dundant up-and-down sampling is guided to generate accurate
local details by residual links across different branches as com-
pensation. The importance of emphasizing the computation or-
der lies in the fact that the distribution of degraded informa-
tion, such as noise, is closely related to contextual information.
Then, features from different scales are concatenated as input to
a global feature recalibration module (GFRM) that recalibrates
the multi-scale features from the channel perspective. As shown
in Fig. 1(d), the proposed SMNet could generate high-quality
results with natural visual effects and local details.

Our main contributions can be summarized as follows:

® We propose the synchronous multi-scale network (SMNet)

by stacking several L&G blocks that contain a novel top-
down to bottom-up feature flow in the synchronous multi-
scale structure to obtain the high-quality outputs of low-
light image enhancement.

® We propose a global feature recalibration module (GFRM)

to perceive global information and recalibrate weights to
keep the proper global brightness information.

e Extensive experimental results show that the proposed
SMNet achieves state-of-the-art performance in main-
stream real-world dataset LOL and synthetic dataset MIT-
Adobe FiveK.

II. RELATED WORKS

A. Low-Light Image Enhancement

LL-Net [12] was the first application to enhance low-light
images using a deep learning-based architecture. Considering
noise in low-light images, the LL-Net stacked sparse denois-
ing automatic encoder realizes normal-light images with noise
suppression. Combined with the classical Retinex theory, which
decomposes images into reflection components and illumination
components, many learning-based methods [9], [14], [17], [18]
have been proposed, among which DeepUPE [14] is a typical
representative. DeepUPE only learns an illumination-to-image
mapping function by a classic encoder-decoder structure. Com-
pared with other Retinex-based methods considering the compu-
tation of the reflectance component, DeepUPE has less compu-
tation in processing low-light images. Focusing on the enhance-
ment of extremely low-light images, EEMEFN [19] brightened
low-light images while trying to maintain the sharp edges of
the inputs. Adopting raw images as input, which is different
from others using JPEG, Chen et al. [20] proposed a frame-
work that can achieve a raw-to-JPEG enhancement. Benefit-
ing from the ability of unsupervised learning of Generative Ad-
versarial Networks (GANs) [21], Jiang et al. [15] introduced a
GAN-based method called EnlightenGAN to train with unpaired
datasets. Wang et al. [22] proposed DLN, which incorporates
knowledge of back projection [23] to learn a residual feature
map to lighten low-light images. TBEFN [24] is a two-branch
exposure-fusion Retinex-based network for images with differ-
ent illumination conditions. Considering the importance of per-
ceptual quality, DRBN [11] introduced a two-stage framework
that learns a band representation to obtain basic normal-light im-
ages in the first stage. In the second stage, DRBN recomposed
the band representation to improve the perceptual quality of ba-
sic normal-light images via adversarial learning. By learning
an optimal curve-to-image function, ZERO-DCE [25] obtained
enhanced results training with unpaired datasets. Zamir et al.
[10] proposed a multi-scale framework called MIRNet, which
realized different low-level tasks, including low-light image en-
hancement by maintaining spatially-precise high-resolution rep-
resentations.
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Retinex theory-based methods use reflection components and
illumination components with limited nonlinear expression abil-
ity. In contrast, others adopt the structure of an encoder-decoder
that may cause artifacts due to frequent up-and-down sampling.
Our method emphasizes the reasonable top-down and bottom-up
mobility of complementary feature information in the proposed
synchronous multi-scale structure, which can ensure accurate
local spatial details. In addition, we also pay attention to the
global brightness information using GFRM and try to restore
the information of the real shot scene.

B. Multi-Scale Representation Learning

For deep learning-based methods, the structure design is the
key point that affects the performance of a certain model [26].
Plain network [26], [27], [28], [29], encoder-decoder [12], [30],
[31], multi-stages [11], [32] and multi-scales [33], [34], [35],
[36], [37] are representative architectures in deep learning-based
methods. Multi-scale network structures have achieved good
results in many computer vision tasks [38], [39], [40], in-
cluding low-level tasks, such as image deblurring [34], [41],
deraining [42], dehazing [35], and low-light image enhance-
ment [10]. EDPN [41] is a multi-scale method for blurry image
restoration from multiple degradations, and fully exploiting the
self- and cross-scale similarities in the degraded image by two
pyramid-based modules. Tao et al. [34] proposed a multi-scale
model SRN-DeblurNet that recurrently utilizes features in high
dimensions. Still, the SRN-DeblurNet pays too much attention
to high-dimensional features, leading to poor performance in the
task of image enhancement or generation, where spatial informa-
tion is also essential. LPNet [42] is a lightweight structure based
on a multi-scale Gaussian-Laplacian pyramid network with clear
interpretability, but it is difficult to converge because of comput-
ing loss at every single scale. Liu et al. [35] presented a grid net
named GridDehazeNet, which features flow and connects freely
at different scales. MIRNet [10] is a multi-scale framework that
realizes different low-level tasks, including low-light image en-
hancement. However, this complicated and nonfocal point net-
work structure design cannot guarantee that useful information
to be spread in a reasonable way.

Different from other multi-scale structure methods, consid-
ering the pixel-to-pixel modification task of low-light image
enhancement, our method first calculates the features in the
low-resolution high-dimension branch to extract high-level con-
textual information and then moves on to the calculation of spa-
tial detail features in a nonparallel way. The information from
the low-resolution high-dimension branch serves as a guide in
a top-down way for the high-resolution low-dimension branch,
which is related to the generation of spatial details. Reasonable
design of multi-scale structure helps us to obtain a high-quality
output with fine texture.

C. Channel-Wise Feature Recalibration

The weight distribution of feature information has an obvious
influence on network performance. To investigate the relation-
ship between performance and distribution of weights, many
works [43], [44], [45], [46], [47], [48] have been proposed.
SENet [44] was proposed to focus on the distinction between

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 25, 2023

channels by first using global average pooling to obtain the
channel-squeeze-weight and then recalibrating these weights
to enhance the feature hierarchy. To thoroughly investigate
the channel dependency, Zhang et al. [45] proposed RCAN
with a residual channel attention block and short residual
connection. This structure can strengthen the representational
ability of CNNs and discriminate the importance of different
channels. Based on SENet [44], CBAM [46] considered spatial
information in addition to channel attention and discussed
the need for additional global max pooling use. The channel
module and spatial module are connected in series. SRM [47]
performed style pooling and style integration on images in
series, essentially aiming to recalibrate the weights of crucial
style information of images in the task of neural style transfer.

Our proposed SMNet emphasizes the importance of different
hierarchical features in channels, especially for the multi-scale
features that already contain rich local information. By com-
bining the global average pooling, global max pooling, and a
fully connected layer in parallel, we can recalibrate the weights
adaptively in an effective and efficient way.

D. Denoising

In low-light image enhancement, the input carries the noise
degradation information, which reduces the output quality. Tra-
ditional classical denoising methods, such as BM3D [49] and
NLM [50] have good denoising efficiency, but the methods based
on deep learning have better performance, such as DnCNN [51],
RED [52] and SOD-CED [53]. Based on these deep denois-
ing models, researchers also proposed a self-supervised method
Neighbor2Neighbor [54], that can complete the training without
clean images. Combining denoising with Neural Architecture
Search (NAS) [55], NAS-DIP [56] can autonomously search
a reasonably deep architecture to produce a clean image from
noisy images. In the field of low-light image enhancement, re-
searchers prefer to modularize the denoising ability, like the
noise encoder-decoder structure in LLNet [12]. In this paper,
we do not pay special attention to reduce the influence of noise
information but focus on enhancing the low-light inputs in an
end-to-end fashion.

Finally, we summarised the low-light image enhancement
methods and denoising methods in Table I.

III. METHODOLOGY
A. Overall Structure

Recovering high-quality image content from low-light input
is challenging since the image captured under low-light condi-
tions is usually dim and noisy. Desired high-quality results of
low-light image enhancement should not only have an appropri-
ate brightness level but also have a clear fine texture while elim-
inating inherent degradation such as noise and blur. To this end,
we propose a synchronous multi-scale low light enhancement
network (SMNet) to take into account local details. A global
feature recalibration module (GFRM) is further proposed to ex-
tract global information.

The overall structure of SMNet is shown in Fig. 2. Following
Zhang et al. [18], we combine the low-light RGB image I;,
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The architecture of the proposed synchronous multi-scale low light enhancement network (SMNet) mainly consists of local-global (L&G) blocks for

lpred

low-light image enhancement. With the help of the lightweight feature encoding module (FEM), the multi-scale network provides accurate local details. Moreover,
the proposed global feature recalibration module (GFRM) can perceive complementary global information and adaptively recalibrate the useful features.

TABLE 1
SUMMARY OF REPRESENTATIVE LOW-LIGHT IMAGE ENHANCEMENT METHODS
AND DENOSING METHODS

Method Kind Year  Published
Gamma Correction  traditional NA NA
AHE traditional 1987  CVGIP
CLAHE traditional 1998 JDI
SSR traditional 1997  TIP
MSR traditional 1996  ICIP
MSRCR traditional 1997  TIP
LIME traditional 2016  TIP
JieP traditional 2017 CVPR
DUAL traditional 2019  CGF
LLNet deep learning 2017 PR
RetinexNet deep learning 2018  BMVC
Chen et al. deep learning 2018  CVPR
KIND deep learning 2019 MM
DeepUPE deep learning 2019 CVPR
EEMEFN deep learning 2020 AAAI
DLN deep learning 2020  TIP
DRBN deep learning 2020 CVPR
EnlightenGAN deep learning 2021  TIP
ZERO-DCE deep learning 2020 CVPR
MIRNet deep learning 2020 ECCV
TBEFN deep learning 2021 TMM
NLM traditional 2005 CVPR
BM3D traditional 2017  TIP
RED deep learning 2016  NIPS
DnCNN deep learning 2017  TIP
SOD-CED deep learning 2019  IET CV
NAS-DIP deep learning 2020 ECCV
Hou et al. deep learing 2021 CVPR

with the maximum value of RGB channels X,.;4; serving as
input X, € RAxWx4 to make the best use of the luminance
information. One 1 x 1 convolution layer is involved to increase
the dimension of X;,,.

Lightweight feature encoding: Before introducing the pro-
posed synchronous multi-scale feature learning mechanism, we
utilize a lightweight feature encoding module (FEM) to fuse X;,,
following [57]. The FEM is light and effective by only using two
3 x 3 convolution layers followed by the PReLU layer [58] and
two 1 x 1 convolution layers. Different from inverted block [59],
the proposed FEM first decreases the dimension and then in-
creases to obtain more expressive extracted information. We use
3 x 3 convolutions at both ends and 1 x 1 convolutions at the
bottleneck. To avoid loss of spatial local information, there is no
up- or down-sampling in the FEM. Furthermore, we establish
a shortcut between high dimensions to better optimize network
training.

After FEM, we propose the local-global (L&G) block, which
consists of a synchronous multi-scale feature learning approach
(see Section III-B) and a global feature recalibration module (see
Section III-C). By stacking L&G blocks several times, we set up
SMNet to consider both local details for fine texture and global
information for the global brightness level. Loss functions for
training are listed in Section III-D.

B. Synchronous Multi-Scale Feature Learning

Given the input of the i-th L&G module X, we conducted
a downsampling operation to obtain small-scale feature maps

4, d={2,4}. When d = 2, the channel number of X} be-
comes double, and the resolution becomes half compared with
X, When d = 4, the modification coefficients become 4 and
1/4. As shown in Fig. 2 (top), three scale-different branches
are set up to enhance the local details for feature learning.
Features extracted in high dimensions contain rich contextual
information, which is helpful for low-dimensional branches to
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perspective.

generate better spatial local details. We first compute X'% con-
taining high-level contextual feature information in small-scale
branch. Then we upsample the obtained high-level contextual
information and add it to the middle branch in a residual fash-
ion following a bottom-up feature flow. The computation order
of feature flow is from small-scale to large-scale branches. Re-
peating similar operations for X'5, we finally obtain X* with
the powerful expressive ability for local details in a large-scale
low-dimensional branch. The whole process is formulated as
follows:

X', = FEM(XY),
X'y = FEM (X} + Up(X'})),
X' = FEM(X" + Up(X'y)), 1)

where X4 = Down(X*) and X!, = Down(X3). Down(-) and
Up(-) represent downsampling and upsampling operations re-
spectively. To prevent the checkerboard effect, we combine bilin-
ear interpolation with deconvolution for the upsampling opera-
tion. F'E'M (-) denotes the lightweight feature encoding module.

C. Global Feature Recalibration Module

After the proposed synchronous multi-scale feature flow, three
intermediate feature maps with rich spatial local information
will be obtained. However, limited by the fixed kernel size of
convolution, even the high-dimensional branch cannot capture
the global information. In addition, simple and direct network
structures dealing with these multi-scale features may even re-
gard noise and other degradation as the inherent features of
the original image, which may confuse the model and produce
low-quality results. To this end, we propose a global feature
recalibration module (GFRM) to perceive and exploit proper
global information, as shown in Fig. 3.

To comprehensively use the intermediate multi-scale features,
we first upsample X% and X'% and then concatenate with X",
GFRM takes the concatenated result X' . as input and fol-
lows a residual structure. Two stages are involved: squeeze and
broadcast. The squeeze stage is composed of two processing
branches, which are the same except for the global pooling
strategy: global average pooling (GAP) and global max pool-
ing (GMP). The input X2 . first carries out GAP and GMP
at different branches to obtain a squeezed weighted vector con-
taining global information. To learn the relationship between
distinguishing channels, a fully connected layer and activation

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 25, 2023

functions (Relu and Sigmoid) are used to recalibrate the
weights on the weight vector to retain the effective information
and suppress the invalid information. GMP can obtain the most
significant feature, while GAP can consider the average value of
all pixel values, which is essentially a complementary relation-
ship. The broadcast stage propagates the recalibrated weights by
suppressing useless features while maintaining useful features.
At the end of each L&G block, we add residual X" to obtain ex-
pressive feature maps X**! by considering both local and global
information. The process is shown below:

X' ear = Concat(X', Up(X'3), Up(Up(X'}))),
Xt = GFRM (XY, ar) + X5, (2)

where Concat(-) means concatenation in aspect of channel.
GFRM (-) means GFRM module.

Considering the degraded input of low-light image enhance-
ment, we configured multiple L&G blocks (three in our experi-
ments). A 1 x 1 convolution layer is applied to the output of the
last L&G block to fit the channel for the long skip-connection
with X;,,. Finally, another 1 x 1 convolution layer is used to
generate the final output I,,,¢q.

D. Loss Function

Reasonable design of the loss function can improve the per-
formance of the model. Obtaining an edge-clear output with fa-
vorable illumination under single control is challenging, while
high visual quality output can be obtained through several rea-
sonable loss functions. Therefore, we configured several suitable
loss functions in the training phase.

1) SSIM Loss: Structure distortion such as blur often occurs in
low-light image enhancement, which reduces the quality of out-
puts. To ensure structure consistency and high-quality outputs,
we adopt Structural SIMilarity (SSIM) loss. SSIM loss focuses
on structural similarity, which is helpful to produce objective
high-quality results. It is defined as:

- QMxMyJ"Cl ) 20my+c2 3)
pi+pg+Crooitol+C2)’

Ls=1

where ji, and pi,, are the mean values of the input and output
images, 03 and 05 present variances, 0, is the covariance, and
C1 and C are the constants that keep the denominator from
being zero.

2) Perceptual Loss: To further improve the visual quality, we
also employ perceptual loss [60]. Through computing high-level
features using a VGG network [27], perceptual loss bridges the
gap between input and output in context semantics and struc-
ture information, which is helpful to obtain high visual quality
results. The perceptual loss is defined as:

Ep :” ¢ij(Ipred) - Qbij(Igt) ||17 4)

where ¢;; describes feature maps computed with the j-th con-
volution layer of the i-th block in the VGG-16 network. || - ||1
means L loss.

3) Huber Loss: When huber loss is used in the field of image
restoration tasks, it can smooth the details of the image and
prevent color distortion to some extent. If the absolute element
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error is lower than §, huber loss is Lo loss; otherwise, it is L
loss. The expression of huber loss is defined as:

1
Hpiss = 5Ipred = Ige)? o Mip,, 1,,.4<s

1
+90 (Igt — Ipred| — 25> o M1, 1peq|>6>

H W
Ln=>> Hpiy 5)

i=1 j=1
where o is the Kronecher product, M, is the binary mask, and §
is a coefficient that controls the sensitivity to outlier values. We
use 0 = 1 in our experiment empirically.

4) TV Loss: For noise, the undesirable degradation that occurs
after the brightness enhancement process should be mitigated in
the final results. Based on [61], we know that noisy images are
usually accompanied by high variance. It is necessary to reduce
the total changes between adjacent pixels to obtain the clean
outputs. The TV loss is defined as follow:

H W
Etv(—[p'red) = Z Z

i=1 j=1

\/(Ipred(ivj) _Ipred(i+17 j))(lpred(ivj) _Ipred(ia ]"’_1))’
(6)

where I,.q(i, j) denotes the specific pixel value in I,,,..4, and
the terms ¢ and j indicate the index of all pixels.

5) Color Loss: Inspired by [14], we applied the color loss
as the chroma estimator. By calculating the cosine distance be-
tween the ground truth and predictions, color loss can reduce the
color distortion problem that usually occurs in the enhancement
process. It can be formulated as:

H W
Le=>"" LIprealisg): Ie(is 5)), )

i=1 j=1

where Z(-, -) calculates the angle between two colors regarding
the RGB color as a 3D vector.

6) Total Loss As a result, the total loss of our model is formu-
lated as:

Liotar = wsLh + wpﬁé FwpLh Fwe Ll +we Ll (8)

We practically set w,, wp, wp and w, to be 1.0, and wy, =
0.001. We also carried out an ablation experiment for losses in
Section IV-C.

IV. EXPERIMENTS
A. Implementation Details

We employed PyTorch [62] to accomplish our experiments
on an Nvidia Titan XP GPU. The initial learning rate was set
at 5 x 104, which decreased by 1.2 times every 50 epochs. To
enrich the diversity, augmentation operations such as random flip
and rotation were applied to the mainstream real-world training
dataset LOL [63] and synthetic dataset MIT-Adobe FiveK [64].
During the training phase, we use Adam [65] as the optimizer
to optimize all parameters for a total of 600 epochs.
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TABLE II
SPEED OF INFERENCE (FRAMES PER SECOND, FPS) OF DIFFERENT METHODS
WHEN THE RESOLUTION OF THE INPUT IMAGE IS 600 x 400

Methods FPS Parameters FLOPs
RetinexNet | 1.90 0.555M 587.470G
EnlightenGAN |21.71  8.636M  273.240G
MIRNet 1.99 31.787M 2988.84G
TBEFN 5.50  0.490M 108.532G
ZERO-DCE [61.23 0.079M  84.990G
Ours 3240 2.989M 1161.91G

We also show the model size and floating-point
operations per second (FLOPs) of different
methods.

B. Evaluations

To demonstrate the superiority of our method, we conduct
evaluations on datasets of LOL and MIT-Adobe FiveK re-
spectively. For the sake of fairness, all selected methods are
trained in the corresponding training set. For the LOL dataset,
LIME [66], RetinexNet [9], KinD [17], EnlightenGAN [15],
TBEFN [24], DRBN [11], and MIRNet [10] are compared. For
the MIT-Adobe FiveK dataset, DUAL [67], JieP [68], Deep-
UPE [14], ZERO-DCE [25] and MIRNet [10] are compared.

The training configuration for the LOL dataset is the same as
that for the DLN [22]. For MIT-Adobe FiveK, we choose the
version of Expert C following [14], and then randomly select
4,500 images as the training set The remaining 500 images are
used for validation and testing. Table II shows the comparisons
of testing speed, model size, and FLOPs of different methods.

1) Qualitative Evaluation: Figs. 4 and 5 show the qualita-
tive comparisons with existing state-of-the-art methods on main-
stream real-world dataset LOL and synthetic dataset MIT-Adobe
FiveK. Overall, our method can produce perceptually faithful
outputs, which not only restore the real scene information well
with appropriate brightness level but are also perceptually fa-
vorable. At the same time, for local details, our method can gen-
erate results with finer textures, which have clearer edges and
less degradation, such as noise or color distortion, than other
methods.

As shown in Fig. 4, LIME [66] cannot deal with extremely
low-light image images regardless of the brightness level or de-
tails, making the output darker and full of degradation than other
methods. RetinexNet [9] and KinD [17] combine deep learning
with Retinex theory and achieves results with a good bright-
ness level, but blur occurs in detail texture. EnlightenGAN [15]
generates results with serious color distortion and has difficulty
dealing with noise. The results of TBEFN [24] are blurred in de-
tail and have low saturation. DRBN [11] produces fine texture,
but it also has shortcomings in brightness level. MIRNet [10]
achieves the closest quality to our method in both brightness
level and details, but it has difficulty controlling artifacts.

As shown in Fig. 5, the two classical Retinex-based meth-
ods, DUAL [67] and JieP [68] produce similar darker and low
contrast outputs. DeepUPE [14] can generate results with good
brightness contrast, but color distortion may appear (e.g., the
girl’s hair). ZERO-DCE [25] produces results with low con-
trast and color distortion with undesirable texture. MIRNet [10]
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En||ghtenGAN
TBEFN DRBN MIRNet
Input LIME RetinexNet EnlightenGAN
TBEFN DRBN MIRNet Ours Ground truth
Fig. 4. Qualitative comparisons with state-of-the-art methods on mainstream real-world dataset LOL [9]. Our method produces perceptually faithful output with

better texture. The larger yellow box on the top right shows the amplified details of the lower left yellow box. Please zoom in for a better view.

Input DUAL JieP DEEPUPE

Fig.5.
faithful output. Please zoom in for a better view.

achieves the closest quality to our method, but the results occur
at warmer color temperatures.

We can see that on those two datasets, even in extremely
low-quality conditions, our method can produce visually pleas-
ing results with appropriate global brightness levels and fine lo-
cal textures. More specifically, our method can effectively avoid
noise and color distortion problems while maintaining the con-
sistency and authenticity of the output results with real scenes.

2) Quantitative Evaluation: For quantitative comparison, we
select the peak signal-to-noise ratio (PSNR) and structural

Authorized licensed use limited to: INSTITUTE OF COMPUTING TECHNOLOGY CAS. Downloaded on October 19,2026 at 08:50:57 UTC from IEEE Xplore. Restrictions apply.

Ground truth

ZERO-DCE MIRNet Ours

Qualitative comparison with state-of-the-arts methods on the synthetic MIT-Adobe FiveK dataset [64]. Our method produces better texture and perceptually

similarity (SSIM) [69] as objective metrics, which are the main-
stream metrics in the field of image enhancement. We also se-
lect additional metrics such as information content weighted
structural similarity (IW-SSIM) [70], visual information fidelity
(VIF) [71], feature similarity index measure (FSIM) [72], and
lightness order error (LOE) [4] for a comprehensive comparison.
Except for LOE, the other metrics measure the quality with refer-
ence ground truth. A higher PSNR score indicates the higher ob-
jective quality of an image. A higher SSIM or IW-SSIM score in-
dicates better structural similarity between the ground truth and
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TABLE III
QUANTITATIVE COMPARISON ON THE LOL DATASET [9]

Metrics ‘ LIME  RetinexNet  EnlightetnGAN  KIND  TBEFN DRBN  MIRNet Ours
PSNR 1 15.24 16.77 18.23 20.87 17.35 20.13 24.14 24.55
SSIM 1 0.470 0.560 0.617 0.802 0.777 0.830 0.830 0.864
IW-SSIM 1 | 0.8768 0.7992 0.8999 0.9065  0.9234 09428  0.9521 0.9623
VIF? 0.3890 0.2600 0.3765 0.3960 04169  0.4691 0.4331 0.5351
FSIM1 0.9206 0.8592 0.9226 0.9253  0.9438 09585  0.9605  0.9690
LOE| 405.74 462.04 395.81 399.81  325.68  480.29 197.35 182.07

The best and second best results are highlighted in bold and underline.

TABLE IV
QUANTITATIVE COMPARISON ON THE MIT-ADOBE FIVEK DATASET [64]

Metrics DUAL JieP DeepUPE ~ ZERO-DCE MIRNet  Ours
PSNR 1 16.62 17.50 19.92 15.99 19.66 22.23
SSIM 1 0.743 0.764 0.803 0.720 0.799 0.849
IW-SSIM 1 | 0.8398  0.8906 0.9424 0.8050 0.9371 0.9561
VIF 1 0.3883  0.4976 0.5364 0.4751 04144  0.5600
FSIM 1 0.8905  0.9158 0.9346 0.8829 0.9293 0.9411
LOE | 37445  276.23 200.92 376.00 196.50 126.21

The best and second best results are highlighted in bold and underline.

TABLE V
ABLATION STUDY OF L&G PRESENTATION MODULE

Architectures | PSNR 1+ SSIM 1
One L&G block 21.71 0.847
Two L&G blocks 22.84 0.856
SMNet with three L&G blocks 24.55 0.864
W/o multi-scale structure 22.71 0.850
W/o 4x 22.51 0.844
Wio 2x & 4x 21.73 0.841
Parallel branches 22.58 0.852

The third row is our full model with best performance.The 4 and
2 denote downsample scale branch in multi-scale network of
L&G presentation modules. W/o multi-scale structure means
removing top-down and bottom-up mechanism.

prediction. By measuring the signal fidelity information between
the reference and prediction, a higher VIF score means better
fidelity. FSIM is considered the best overall performance met-
ric [73]. The higher the FSIM score is, the more realistic the un-
derlying features in the prediction that conform to the human vi-
sual system are. Unlike the other metrics, LOE is a non-reference
method. A lower LOE value represents a better naturalness of
the output. As shown in Tables III and IV, our method achieved
leading performance under all objective metrics on LOL and
MIT-Adobe FiveK compared with the state-of-the-art methods.

C. Ablation Study

1) Effectiveness of the L&G block: The L&G block is the basic
module of the proposed SMNet. We perform an ablation study
on the L&G presentation module by following three kinds of
attempts: 1) stacking different numbers of L&Gs; 2) removing
multi-scale structures (top-down and bottom-up mechanism) in
L&Gs; 3) just abandoning the 4 x and 2 x branches in the multi-
scale representation structure; 4) replacing 4 x and 2 x branches
by parallel branches.

The quantitative results are shown in Table V. The proposed
SMNet with three L&G blocks obtains the best results under
both metrics. With the decrease of L&G presentation modules,
the performance of the model decreases significantly. One L&G
block only achieved PSNR = 21.71 dB and SSIM = 0.847. Two
L&G blocks achieved PSNR = 22.84 dB and SSIM = 0.856.
The reason is that when removing multi-scale structure in L&G,
which means features in the three branches are calculated with-
out interdependence, the asynchronous structure loses reason-
able feature flow, and the features extracted from different scales
cannot communicate with each other. Similarly, removing 4 x
and/or 2x branches will make the network context unaware and
lead to a drop in performance. The same result happened when
we replacing 4 x and 2x branches by parallel branches.

To further investigate the rationality of the proposed syn-
chronous multi-scale representation structure, we show quali-
tative comparison results in Fig. 6. In the ground truth image,
there are tiny granite-like textures in the top-right region of the
wall (in the yellow box). However, the textures in TBEFN and
MIRNet are intermingled and lose details, while the results of
EnlightenGAN are seriously noisy and cannot even distinguish
between real textures or noise. As shown in Fig. 6(e), although
degradation of information such as noise is not involved, the
result is excessively smooth and loses the granite-like details
without the top-down and bottom-up feature flow. On the other
hand, SMNet can preserve tiny granite-like textures with sharp
edges and suppressed noise. The above results show that the
proposed synchronous multi-scale representation structure is ob-
jective and visually effective in low-light image enhancement to
produce high-image-quality outputs.

2) Effectiveness of FEM: A lightweight feature encoding mod-
ule is used in the multi-scale feature learning pipeline. We stack
four regular 3 x 3 convolutions and pReL.U for ablation of the
FEM to explore its influence on the performance of the model.
None 1 x 1 convolutions is involved like FEM. In addition,
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Fig. 6.

to produce high image-quality outputs. Yellow box is the enlarged area.
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Fig. 7.
darker, and the distribution of the histogram is more to the left.

the number of feature channels is not changed, and the size of
the feature map remains the same. Without FEM, the PSNR of
the result drops to 22.98 dB and the SSIM drops to 0.844. By
the 1 x 1 convolutions, the FEM encodes abundant information
from the channel changes and improves the nonlinear ability of
the current branch. The FEM is also a lightweight module that
can be embedded in various branches of multi-scale networks
for reuse. Without redundant up-and-down sampling, FEM, to
some extent, will not cause the loss of spatial local information.

3) Effectiveness of GFRM: To prove the effectiveness of our
GFRM in exploiting global information, we perform the ablation
of GFRM by replacing or changing the structure of GFRM. We
ablated GFRM with stacked convolutions with pReLU. Fig. 7
shows the qualitative results of SMNet with and without GFRM.
The results of SMNet without GFRM are darker, and the distri-
bution of the histogram is more to the left. Quantitative results are
shown in Table VI. Overall, with the help of GFRM, the results
are brighter and closer to the ground truth. The histograms of
SMNet with GFRM are also almost the same as the ground truth.
Two global pooling operations are adopted in GFRM. To investi-
gate the effectiveness of using two branches simultaneously, we
abandon the GAM and GMP, respectively, in the ablation study.
The statistics are shown in Table VI. We can see that the perfor-
mance will be degraded when either GMP or GAP is removed.
GMP can produce the most significant features. However, when
considering the global relationship of all spatial pixels, GMP
leads to the loss of spatial local information. GAP considers the
overall relationship of spatial local pixels but may contain infor-
mation irrelevant to specific tasks. In fact, GMP and GAP can
jointly produce complementary information to help improve the
performance of the model. For further prove the effectiveness

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 25, 2023

f) Ours g) Ground truth

Visual results to prove our L&G presentation module and multi-scale structure (top-down and bottom-up mechanism) are objective and visually effective
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Ablation study of GFRM. (a) and (d) are ground truth. (b) and (e) are results of SMNet. (c) and (f) are the results of SMNet without GFRM, which are

TABLE VI
ABLATION STUDY OF GFRM

Architectures | PSNR T SSIM ¢
W/o GFRM 19.87 0.833
GFRM w/o GAP 22.16 0.845
GFRM w/o GMP 23.26 0.845
GFRM replaced by SENet 21.48 0.844
GFRM replaced by RCAN 23.16 0.855
GFRM replaced by ECANet 23.31 0.849
GFRM replaced by CBAM 22.71 0.842
GFRM replaced by Hou et al. 19.83 0.839
GFRM replaced by SRM 23.03 0.856
SMNet | 2455 0.864

Our full model achieves the best performance.

TABLE VII
ABLATION STUDY OF LOSS CONFIGURATION
Loss Funciton | PSNR T SSIM 7T
W/o Ls 22.53 0.839
Wio L, 22.65 0.843
W/o Ly, 22.52 0.854
W/o L. 22.31 0.854
W/o Ly 23.06 0.859
SMNet [ 2455 0364

Our full model achieves the best performance.

of GFRM, Table VII shows the ablation experiment results of
replacing SOTA attention mechanisms of GFRM. SENet [44] is
a classical channel attention mechanism. Through GAP, it ob-
tains the characteristics of different channel layers. RCAN [45]
adaptively rescales channel-wise features by considering inter-
dependencies among channels. ECANet [74] proposes a local
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RETINEXNET ] 94%
MIRNET 29%
KIND 9% 61%
LIME 33% 6/7%

m Others mOurs

Fig. 8.  User study. Compared with other state-of-the-art methods, our method
always has a higher selection rate.

(b) Our rsult (c) Input (d) Our result

(a) Input

Fig. 9. Bad cases. Our method fails to enhance the low-light images with
(a) exaggerated noise or (c) ultra-dark areas.

cross-channel interaction strategy without dimensionality reduc-
tion and a method to adaptively select kernel size of 1D convolu-
tion, determining coverage of local cross-channel interaction. In
addition to channel attention, CBAM [46] and coordinate also
considered spatial location information. First, they obtain the
channel information through global pooling, and obtain the 2d
spatial attention diagram through convolution, to improve the
attention to the spatial location information and achieve the im-
provement of efficiency. In addition, Hou et al. [75] also divides
the channel attention into two parallel one-dimensional feature
coding processes to effectively integrate the spatial coordinate
information into the generated attention map. SRM [47] imple-
ments style pooling in spatial dimensions and combines feature
maps with style pooling results. Our GFRM perceives and ex-
ploit proper global information by global pooling and projection
to recalibrate channel weights globally.

Overall, GFRM perceives and exploits global information by
global pooling and projection to recalibrate channel weight to
obtain proper global brightness level information.

4) Configuration of Losses: We perform an ablation study to
investigate the impact of losses in our model. Our full model ob-
tains the best performance, as shown in Table VII. When SSIM
loss L is deprecated, the SSIM score drops to the lowest. The
reason is that L4 controls the structural similarity of images,
which plays a key role in ensuring higher-quality output. With-
out perceptual loss, £,, scores of metrics decrease due to a lack
of high-level contextual information. The Huber loss £, can
help to smooth the image details. The absence of £}, and L, has
an adverse effect on the performance of the proposed method.
TV loss Ly, is mainly used for noise reduction. The noise in the
low-light images will be amplified after enhancement, so elimi-
nating properly used £, will lead to performance degradation.

D. User Study

Subjective perception is also a critical metric that should be
taken into account in the task of low-light image enhancement.
Therefore, we conducted a user study of 39 randomly selected
participants involving four state-of-the-art methods: LIME [66],
RetinexNet [9], KinD [17] and MIRNet [10]. We present the
results of SMNet and another randomly selected method on the
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same page (two images on one page) to the participants and
ask them to choose which one has a higher overall quality and
detail quality. As shown in Fig. 8, our method always has a
higher selection rate than any other method, which proves that
our results are better in subjective perception.

E. Limitations

Although our method can achieve good results in most cases,
it still has limited ability in extreme cases, such as dealing with
images with exaggerated noise or ultra-dark areas. Bad cases are
shown in Fig. 9. For the exaggerated noise case, the enhance-
ment results retain most of the global brightness. However, the
detailed textures cannot be recovered well. When dealing with
an input image with ultra-dark areas, our method cannot en-
hance those areas well, because the information on these areas
is completely lost.

V. CONCLUSION

We propose a synchronous multi-scale low-light enhancement
network (SMNet), which can reasonably increase the bright-
ness of the low-light images and realize the accurate mapping
of the content on input and output to obtain fine texture. Spe-
cial attentions are paid to the global brightness distribution and
local details captured in low-light conditions. A synchronous
multi-scale network is proposed with carefully designed feature
flow to enhance the interaction between different resolutions.
Furthermore, a global feature recalibration module is applied
after the synchronous multi-scale representations to perceive
and exploit proper global information. Experimental results on
mainstream datasets show that our method is superior to other
existing methods. In future work, we plan to extend our method
to low-light video enhancement.
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