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Abstract

Low-light images frequently occur due to unavoidable envi-
ronmental influences or technical limitations, such as insuf-
ficient lighting or limited exposure time. To achieve better
visibility for visual perception, low-light image enhancement
is usually adopted. Besides, lossy image compression is vital
for meeting the requirements of storage and transmission in
computer vision applications. To touch the above two practi-
cal demands, current solutions can be categorized into two
sequential manners: “Compress before Enhance (CbE)” or
“Enhance before Compress (EbC)”. However, both of them
are not suitable since: (1) Error accumulation in the indi-
vidual models plagues sequential solutions. Especially, once
low-light images are compressed by existing general lossy
image compression approaches, useful information (e.g., tex-
ture details) would be lost resulting in a dramatic perfor-
mance decrease in low-light image enhancement. (2) Due to
the intermediate process, the sequential solution introduces
an additional burden resulting in low efficiency. We propose
a novel joint solution to simultaneously achieve a high com-
pression rate and good enhancement performance for low-
light images with much lower computational cost and fewer
model parameters. We design an end-to-end trainable archi-
tecture, which includes the main enhancement branch and the
signal-to-noise ratio (SNR) aware branch. Experimental re-
sults show that our proposed joint solution achieves a sig-
nificant improvement over different combinations of exist-
ing state-of-the-art sequential “Compress before Enhance”
or “Enhance before Compress” solutions for low-light im-
ages, which would make lossy low-light image compres-
sion more meaningful. The project is publicly available at:
https://github.com/CaiShilv/Joint-IC-LL.

Introduction
Low-light images are prevalent in the real world since they
are inevitably captured under sub-optimal conditions (e.g.,
back, uneven, or dim lighting) or technical limitations (e.g.,
limited exposure time). Low-light images present challenges
for human perception and subsequent downstream vision
tasks due to unsatisfied visibility. Therefore, low-light image
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enhancement is usually employed. In recent years, the suc-
cess of learning-based low-light image enhancement (Lore,
Akintayo, and Sarkar 2017; Xu et al. 2022; Ma et al. 2022b)
has been compelling thus attracting growing attention.

In practical applications, lossy image compression is also
crucial for media storage and transmission. Many traditional
standards (e.g., JPEG (Wallace 1992), JPEG2000 (Rab-
bani 2002), BPG (Bellard 2015), and Versatile Video Cod-
ing (VVC) (Joint Video Experts Team 2021)) have been pro-
posed and widely used. In recent years, learning-based lossy
image compression methods (Cheng et al. 2020; He et al.
2022; Xie, Cheng, and Chen 2021; Wang et al. 2022a; Liu,
Sun, and Katto 2023) have developed rapidly and outper-
formed traditional standards in terms of performance met-
rics, such as the peak signal-to-noise ratio (PSNR) and the
multi-scale structural similarity index (MS-SSIM).

Whereas, lossy low-light image compression is required
in many actual systems as well (e.g., nighttime autonomous
driving and visual surveillance), while little research has
been conducted in the academic community on this practical
topic. Current engineering solutions can be categorized into
two manners: “Compress before Enhance (CbE)” and “En-
hance before Compress (EbC)”. However, existing sequen-
tial solutions have at least two major drawbacks: (1) Error
accumulation and loss of information in the individual mod-
els plague sequential solutions (see Figure 1). In particular,
the loss of useful detail information in low-light images after
compression severely degrades enhancement performance.
Off-the-shelf lossy image compression methods often lack
adaptability to low-light images. (2) Sequential solutions in-
troduce additional computational costs due to intermediate
results, resulting in low efficiency. Therefore, in this work,
we try to answer an important question: Can we construct
a joint solution of low-light image compression and en-
hancement, which would achieve high visual quality of
reconstructed image under both low computational cost
and bits per pixel (BPP)? Or simply say, can we make
lossy low-light image compression more meaningful?

Based on these considerations, in this work, we pro-
pose a novel joint solution for low-light image compres-
sion and enhancement. We design an end-to-end trainable
two-branch architecture with the main enhancement branch
for obtaining compressed domain features and the signal-
to-noise ratio (SNR) aware branch for obtaining local/non-
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Figure 1: Compared with sequential solutions (“Compress before Enhance (CbE)” and “Enhance before Compress (EbC)”),
our proposed joint solution has significantly greater advantages in terms of PSNR, MS-SSIM, and computational cost with
even lower bits per pixel (BPP). As shown, our joint solution makes lossy low-light image compression meaningful with much
better visibility for visual perception. In this teaser figure, the compression and low-light enhancement methods of sequential
solutions are Cheng (Cheng et al. 2020) and Xu2022 (Xu et al. 2022) respectively. The example images in the figure are from
the SID dataset (Chen et al. 2018). For more comparison qualitative results, please refer to the supplementary material.

local features. Then, the local/non-local features are fused
with the compressed domain features to generate the en-
hanced features for jointly compressing and enhancing low-
light images simultaneously. Finally, the enhanced image is
reconstructed by the main decoder. Our proposed joint solu-
tion achieves significant advantages compared to sequential
ones, please see Figure 1 for visualization. More compar-
ison results are included in the supplementary material. In
summary, the contributions of this work are as follows:

• A joint solution of low-light image compression and en-
hancement is proposed with much lower computational
cost compared to sequential ones.

• Thanks to the end-to-end trainable two-branch architec-
ture, the joint solution has the ability to achieve high vi-
sual quality of reconstructed images with low BPP.

• Since there is no off-the-shelf joint solution, we compare
our model with sequential CbE and EbC solutions (dif-
ferent combinations and orders of three compression and
two enhancement methods respectively) on four datasets
to verify the superiority of our joint solution.

Related Works
Learning-based lossy image compression. Learning-
based image compression methods have shown great poten-
tial, which has led to a growing interest among researchers in
this field. Lossy image compression usually contains trans-
form, quantization, and entropy coding. These three compo-
nents have been studied by many researchers.

There are some works that focus on quantization.
Works (Ballé, Laparra, and Simoncelli 2017; Ballé et al.
2018) used the additive uniform noise U(−0.5, 0.5) instead
of the actual quantization during the training. Agustsson
et al. (Agustsson et al. 2017) proposed soft-to-hard vec-
tor quantization to replace scalar quantization. Dumas et
al. (Dumas, Roumy, and Guillemot 2018) aimed to learn the
quantization step size for each latent feature map. Zhang and

Wu (Zhang and Wu 2023) proposed a Lattice Vector Quanti-
zation scheme coupled with a spatially Adaptive Compand-
ing (LVQAC) mapping.

Some works focus on the transform, e.g., generalized di-
visive normalization (GDN) (Ballé, Laparra, and Simoncelli
2016a,b, 2017), residual block (Theis et al. 2017), attention
module (Cheng et al. 2020; Zhou et al. 2019), non-local at-
tention module (Chen et al. 2021), attentional multi-scale
back projection (Gao et al. 2021), window attention mod-
ule (Zou, Song, and Zhang 2022), stereo attention mod-
ule (Wödlinger et al. 2022), and expanded adaptive scaling
normalization (EASN) (Shin et al. 2022) have been used to
improve the nonlinear transform. Invertible neural network-
based architecture (Cai et al. 2022; Helminger et al. 2021;
Ho et al. 2021; Ma et al. 2019, 2022a; Xie, Cheng, and Chen
2021) and transformer-based architecture (Qian et al. 2022;
Zhu, Yang, and Cohen 2022; Zou, Song, and Zhang 2022;
Liu, Sun, and Katto 2023) also have been utilized to enhance
the modeling capacity of the transforms.

Some other works aim to improve the efficiency of en-
tropy coding, e.g., scale hyperprior entropy model (Ballé
et al. 2018), channel-wise entropy model (Minnen and
Singh 2020), context model (Lee, Cho, and Beack 2019;
Mentzer et al. 2018; Minnen, Ballé, and Toderici 2018),
3D-context model (Guo et al. 2020b), multi-scale hyper-
prior entropy model (Hu et al. 2022), discretized Gaussian
mixture model (Cheng et al. 2020), checkerboard context
model (He et al. 2021), split hierarchical variational com-
pression (SHVC) (Ryder et al. 2022), information trans-
former (Informer) entropy model (Kim, Heo, and Lee 2022),
bi-directional conditional entropy model (Lei et al. 2022),
unevenly grouped space-channel context model (ELIC) (He
et al. 2022), neural data-dependent transform (Wang et al.
2022a), multi-level cross-channel entropy model (Guo et al.
2022), and multivariate Gaussian mixture model (Zhu et al.
2022). By constructing more accurate entropy models, these
methods have achieved greater compression efficiency.

However, existing learning-based compression methods
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typically do not consider the impact on images of low-light
conditions in their design. They may cause unsatisfied im-
age quality and subsequent visual perception problems after
decompression due to the loss of detailed information.

Learning-based low-light image enhancement. Many
learning-based low-light image enhancement methods (Cai,
Gu, and Zhang 2018; Guo et al. 2020a; Jiang et al. 2021; Jin,
Yang, and Tan 2022; Kim et al. 2021; Liu et al. 2021; Lore,
Akintayo, and Sarkar 2017; Ma et al. 2022b; Ren et al. 2019;
Wang et al. 2021b, 2022b; Wu et al. 2022; Xu et al. 2022,
2020; Yan et al. 2014, 2016; Yang et al. 2021a,b; Zamir et al.
2020; Zeng et al. 2020; Zhang et al. 2021, 2022; Zhao et al.
2021; Zheng, Shi, and Shi 2021) have been proposed with
compelling success in recent years.

For supervised methods, Zhu et al. (Zhu et al. 2020)
proposed a two-stage method called EEMEFN, which
comprised muti-exposure fusion and edge enhancement.
Xu et al. (Xu et al. 2020) proposed a frequency-based
decomposition-and-enhancement model network. It first
learned to recover image contents in a low-frequency layer
and then enhanced high-frequency details according to re-
covered contents. Sean et al. (Moran et al. 2020) introduced
three different types of deep local parametric filters to en-
hance low-light images.

For semi-supervised methods, Yang et al. (Yang et al.
2020) proposed the semi-supervised deep recursive band
network (DRBN) to extract a series of coarse-to-fine band
representations of low-light images. The DRBN was ex-
tended by using Long Short Term Memory (LSTM) net-
works and obtaining better performance (Yang et al. 2021a).

For unsupervised methods, Jiang et al. (Jiang et al. 2021)
proposed an unsupervised generative adversarial network
which was the first work that successfully attempted to intro-
duce unpaired training for low-light image enhancement. Ma
et al. (Ma et al. 2022b) developed a self-calibrated illumina-
tion learning method and defined the unsupervised training
loss to improve the generalization ability of the model. Fu et
al. (Fu et al. 2023) proposed PairLIE which learned adaptive
priors from low-light image pairs.

However, these low-light image enhancement methods
currently overlook the mutual influence with image com-
pression, resulting in significant performance degradation
once CbE or EbC is conducted (see Figure 1). In addition,
most low-light image enhancement networks have complex
architecture designs, and their architectures are not suited to
combine with image compression directly in a joint manner.

Joint solutions. It is worth noting that, in some other im-
age processing tasks, joint solutions have been verified as
an effective alternative to sequential ones with promising re-
sults. These joint solutions alleviate the error accumulation
effect in the pipeline process. The success of the joint solu-
tion of multiple tasks using a single network architecture has
attracted the attention of researchers in the development of
deep learning. There are some works studied for joint solu-
tions have made progress including joint denoising and de-
mosaicing (Ehret et al. 2019; Gharbi et al. 2016), joint im-
age demosaicing, denoising and super-resolution (Xing and
Egiazarian 2021), joint low-light enhancement and denois-

ing (Lu and Jung 2022), and joint low-light enhancement
and deblurring (Zhou, Li, and Loy 2022). Recently, some
works (Cheng, Xie, and Chen 2022; Alves de Oliveira et al.
2022; Ranjbar Alvar et al. 2022) optimize image processing
and image compression jointly. Cheng et al. (Cheng, Xie,
and Chen 2022) jointed image compression and denoising to
resolve the bits misallocation problem. Jeong et al. (Jeong
and Jung 2022) proposed the RAWtoBit network (RBN),
which jointly optimizes camera image signal processing and
image compression. Qi et al. (Qi et al. 2023) proposed
a framework for real-time 6K rate-distortion-aware image
rescaling which could reconstruct a high-fidelity HR image
from the JPEG thumbnail.

Nevertheless, the aforementioned methods are ill-suited
for low-light image compression and enhancement. This in-
teresting issue has received limited research attention within
the academic community yet.

Methodology
Problem Formulation
Lossy image compression. We briefly introduce the for-
mulation of the learning-based lossy image compression
first. In the widely used variational auto-encoder based
framework (Ballé et al. 2018), the source image x is trans-
formed to the latent representation y by the parametric en-
coder ga(x;ϕa). The latent representation y is quantized to
discrete value ŷ which is losslessly encoded to bitstream us-
ing entropy coders (Duda 2013; Witten, Neal, and Cleary
1987). During the decoding, ŷ is obtained through entropy
decoding the bitstream. Finally, ŷ is inversely transformed
to the reconstructed image x̂ through the parametric decoder
gs(ŷ;ϕs). In fact, the optimization of the image compres-
sion model for the rate-distortion performance can be real-
ized by minimizing the expectation Kullback-Leibler (KL)
divergence between intractable true posterior pŷ|x(ŷ|x) and
parametric variational density q(ŷ|x) over the data distribu-
tion px (Ballé et al. 2018):

Ex∼pxDKL[q(ŷ|x)||p(ŷ|x)] = Ex∼pxEŷ∼q

[
log q(ŷ|x)

− log px|ŷ(x|ŷ)︸ ︷︷ ︸
weighted distortion

− log pŷ(ŷ)︸ ︷︷ ︸
rate

]
+ const, (1)

where DKL[·||·] is the KL divergence. Given the transform
parameter ϕa, the transform y = ga(x;ϕa) (from x to y)
is determined and the process of quantizing y is equiva-
lent to adding uniform distribution U(−1/2, 1/2) for relax-
ation. Therefore, q(ŷ|x) =

∏
i U(yi−1/2, yi+1/2) and the

first term log q(ŷ|x) = 0. The second term log px|ŷ(x|ŷ) is
the expected distortion between source image x and recon-
structed image x◦. The third term reflects the cost of entropy
encoding discrete value ŷ.

In order to make the second term of Eq. 1 easier to cal-
culate. Suppose that the likelihood is give by p(x|ŷ) =
N (x|x◦, (p · λ)−11). In addition, considering the introduc-
tion of scale hyperprior. Similar to previous works (Ballé
et al. 2018; Cheng et al. 2020), the rate-distortion objective
function can be written as:
Ex∼pxEŷ,ẑ∼q

[
λ · ∥x− x◦∥pp − log pŷ|ẑ(ŷ|ẑ)− log pẑ(ẑ)

]
, (2)

where the parameter λ is the trade-off between distortion
and compression levels. If the value of p = 2, the first term
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Figure 2: The network architecture of our joint solution of low-light image compression and enhancement. The left half of
the figure contains two branches, the “Main Enhancement Branch” and the “SNR Aware Branch”. The low-light image is
fed into the “Main Enhancement Branch” to obtain the two-level enhanced compressed domain features (y0/y) via “Feature
Adaptive” modules (fa0/fa1). The “SNR Aware Branch” obtains local/non-local information by the SNR-map s and compressed
domain features (y′0/y′1). The right half of the figure contains the main decoder, entropy models, context model, and hyper
encoder/decoder commonly used in recent learning-based compression methods (Minnen, Ballé, and Toderici 2018; Cheng
et al. 2020). “/” means “or” in this paper.

is the mean square error (MSE) distortion. The additional
side information ẑ is used to capture spatial dependencies.

Supervised learning-based low-light image enhancement.
The low-light image refer as x ∈ R3×h×w. h and w denote
the height and width of the low-light image respectively.
The low-light enhancement processing can be expressed as:

x̄ = G(x; θ), (3)
where the x̄ denotes the reconstructed low-light enhance-
ment image. θ represents the learnable parameters of the
neural network G. The optimization of the learning-based
low-light image enhancement model is done by minimizing
loss to learn the optimal network parameters θ̂:

θ̂ = argmin
θ

Le(G(x; θ), xgt) = argmin
θ

Le(x̄, x
gt). (4)

The loss function Le(·, ·) usually can use L1, L2, or Char-
bonnier (Lai et al. 2018) loss, etc. The network parameters
θ can be optimized by minimizing the error between the re-
constructed image x̄ and the ground truth image xgt.

Joint formulation. Based on Eq. 2 and Eq. 4, we fur-
ther develop the joint formulation of image compression and
low-light image enhancement by simultaneously optimizing
the rate distortion and the similarities between enhanced and
ground truth images as follows:

L =λd · D(xgt, x̂) +R(ŷ) +R(ẑ)

=λd · Ex∼px

[∥∥xgt − x̂
∥∥p

p

]
− Eŷ∼qŷ

[
log pŷ|ẑ(ŷ|ẑ)

]
− Eẑ∼qẑ

[
log pẑ(ẑ)

]
.

(5)

The first term D(xgt, x̂) measures distortion between the
ground truth image xgt and the enhanced image x̂. The sec-
ond term R(ŷ) and third term R(ẑ) denote the compres-
sion levels. λd denotes the weighting coefficient, which is
the trade-off between compression levels and distortion. If
p = 2, the first term is mean square error (MSE) distortion.

Framework
Overall workflow. Figure 2 shows an overview of the net-
work architecture of our proposed joint solution of low-light
image compression and enhancement. The low-light image
x is transformed to the enhanced compressed domain fea-
tures y by main encoders ga0 and ga1 with SNR-guided
feature adaptive operations. Then y is quantized to the dis-
crete enhanced compressed domain features ŷ by the quan-
tizer Q. The uniform noise U(−1/2, 1/2) is added to the
enhanced compressed domain features y instead of non-
differentiable quantization operation during the training and
rounding the enhanced compressed domain features y dur-
ing testing (Ballé et al. 2018).

We use the hyper-prior scale (Ballé et al. 2018; Minnen,
Ballé, and Toderici 2018) module to effectively estimate the
distribution pŷ|ẑ ∼ N (µ, σ2) of the discrete enhanced com-
pressed domain features ŷ by generating parameters (µ and
σ) of the Gaussian entropy model to support entropy cod-
ing/decoding (EC/ED). The latent representation z is quan-
tized to ẑ by the same quantization strategy as the enhanced
features y. The distribution of discrete latent representation
ẑ is estimated by the factorized entropy model (Ballé, La-
parra, and Simoncelli 2017). The range asymmetric numeral
system (Duda 2013) is used to losslessly compress discrete
enhanced features ŷ and latent representation ẑ into bit-
streams. The decoded enhanced features ŷ obtained by the
entropy decoding are fed into the main decoder gs to re-
construct the enhanced image x̂. It is worth noting that the
proposed joint solution integrates compression and low-light
enhancement into a single process that performs both tasks
simultaneously, achieving excellent performance while sig-
nificantly reducing the computational cost.

Two branch architecture. Our proposed joint solution in-
cludes two branches. The first branch is the signal-to-noise
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Figure 3: Architecture details of the “Feature Adaptive”
module. SNR-aware fusion features (s0/s1) act as a condi-
tion on the compressed domain features (y′0/y′1) to generate
enhanced features (y0/y). ⊙ denotes the Hadamard product
and ⊕ denotes the addition by element.

ratio (SNR) aware branch. The SNR map s is achieved by
employing a no-learning-based denoising operation (refer
Eq. 6) which is simple yet effective. Local/non-local infor-
mation on the low-light image is obtained through the SNR-
aware branch. The second branch is the main enhancement
branch, the compressed domain features (y′0/y′1) combine
with the local/non-local information (s0/s1) generated by
the SNR-aware branch to obtain the enhanced compressed
domain features (y0/y).

Enhanced Compressed Domain Features
As Figure 2 shows, the SNR map s ∈ Rh×w is estimated
from the low-light image x ∈ R3×h×w. The calculation pro-
cess starts by converting low-light image x into grayscale
image ẋ ∈ Rh×w and then proceeds as follows:

ẍ = kernel(ẋ), n = abs(ẋ− ẍ), s =
ẍ

n
, (6)

where kernel(·) denotes averaging local pixel groups oper-
ation, abs(·) denotes taking absolute value function.

The SNR map s is processed by the residual block mod-
ule (“Residual Block” in Figure 2) and transformer-based
module (“SNR-guided Attention” in Figure 2) with gen-
erating the local features (fs0/fs1) and the non-local fea-
tures (fl0/fl1) inspired by the work (Xu et al. 2022). Local
and non-local features are fused. It is illustrated in “SNR-
guided Fusion” of Figure 2 and is calculated as follows:

s0 = fs0 × s′0 + fl0 × (1− s′0),

s1 = fs1 × s′1 + fl1 × (1− s′1),
(7)

where s′0 and s′1 are resized from SNR map s according to
the shape of corresponding features (fs0/fs1/fl0/fl1). s0 and
s1 are SNR-aware fusion features.

Since the SNR map s is unavailable in the decoding pro-
cess, we consider enhancing the features y0 and y in the
compressed domain instead of the manner (Xu et al. 2022)
using the decoded domain. Thus, the enhanced image x̂ can
be obtained by decoding the enhanced features ŷ directly.
The compressed domain features (y′0/y′1) are enhanced by
“Feature Adaptive” modules (refered as fa0/fa1), shown in
Figure 2, and their details are shown in Figure 3.

Training Strategy
In our experiments, we observe that training both image
compression and low-light image enhancement tasks jointly
at the beginning results in convergence problems. Thus, we
adopt the two-stage training.

Pre-train without SNR-aware branch. We pre-train the
model without joining the signal-to-noise ratio (SNR) aware
branch. In this case, the network architecture is similar to
the Cheng2020-anchor (Cheng et al. 2020) of the Compres-
sAI library (Bégaint et al. 2020) implementation. The rate-
distortion loss is:

L =λd · D(x, x̂) +R(ŷ) +R(ẑ)

=λd · Ex∼px

[
∥x− x̂∥pp

]
− Eŷ∼qŷ

[
log pŷ|ẑ(ŷ|ẑ)

]
− Eẑ∼qẑ

[
log pẑ(ẑ)

]
,

(8)

where x and x̂ denote the original image and decoded image
respectively. We set the λd = 0.0016. It is worth noting that
the parameter p of the first term Ex∼px

[
∥x− x̂∥pp

]
is equal

to 2. That means, the distortion loss D(x, x̂) is the MSE loss.

Train the entire network. We train the entire network
by loading the pre-trained model parameters. The joint
loss function is Eq. 5. The parameter p of the first term
Ex∼px

[
∥xgt − x̂∥pp

]
is equal to 1. That means, we employ

L1 as the distortion loss D(xgt, x̂) instead of the MSE loss
to ensure stable training, mitigating the risk of encountering
the episodic non-convergence problem.

Experiments
Datasets and Implementation Details
Datasets. The Flicker 2W (Liu et al. 2020) is used in
the pre-training and fine-tuning stages for all learning-based
methods involved in the comparison. The low-light datasets
that we use include SID (Chen et al. 2018), SDSD (Wang
et al. 2021a), and SMID (Chen et al. 2019). The SID and
SMID contain pairs of short- and long-exposure images with
the resolution of 960×512. Both SID and SMID have heavy
noise because they are captured in extreme darkness. The
SDSD (static version) dataset contains an indoor subset and
an outdoor subset with low-light and normal-light pairs. We
set up splitting for training and testing based on the previous
work (Xu et al. 2022). All low-light data are converted to the
RGB domain for experiments.

Implementation details. We use the image compression
anchor model (Cheng et al. 2020) as our main architecture
except for the “Feature Adaptive” modules and the SNR-
aware branch. Randomly cropped patches with a resolution
of 512 × 512 pixels are used to optimize the model dur-
ing the pre-training stage. Our implementation relies on Py-
torch (Paszke et al. 2019) and the open-source CompressAI
PyTorch library (Bégaint et al. 2020). The networks are op-
timized using the Adam (Kingma and Ba 2015) optimizer
with a mini-batch size of 8 for approximately 900000 iter-
ations and trained on RTX 3090 GPUs. The initial learning
rate is set as 10-4 and decayed by a factor of 0.5 at itera-
tions 500000, 600000, 700000, and 850000. The number of
pre-training iteration steps is 150000. We have a loss cap
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Figure 4: Rate-distortion performance curves aggregated over four test datasets. (a)/(b)/(c)/(d) and (e)/(f)/(g)/(h) are results
on SID, SDSD-indoor, SDSD-outdoor, and SMID about PSNR and MS-SSIM, respectively. Remarkably, we are the first to
address the problem of error accumulation and information loss in the joint task of image compression and low-light image
enhancement, so there is no existing method for comparison. We adopt the low-light enhancement method (Xu et al. 2022) for
comparison. Experimental results obviously show that our proposed joint solution achieves great advantages compared to both
“Compress before Enhance (CbE)” and “Enhance before Compress (EbC)” sequential solutions.

for each model, so the network will skip optimizing a mini-
step if the training loss is above the specified threshold. We
train our model under 8 qualities, where λd is selected from
the set {0.0001, 0.0002, 0.0004, 0.0008, 0.0016, 0.0028,
0.0064, 0.012}. To verify the performance of the algorithm,
the peak signal-to-noise ratio (PSNR) and the multi-scale
structural similarity index (MS-SSIM) are used as evalua-
tion metrics. We also compare the size of the models and
computational cost. For better visualization, the MS-SSIM
is converted to decibels (−10log10(1− MS-SSIM)).

Algorithm Performance
Rate-distortion performance. Sequential solutions con-
tain individual models of the state-of-the-art low-light en-
hancement method Xu2022 (Xu et al. 2022), the state-
of-the-art compression method TCM (Liu, Sun, and Katto
2023), the typical learning-based compression method
Cheng2020-anchor (Cheng et al. 2020), and the classical
codec method VVC (Joint Video Experts Team 2021)). The
proposed joint solution compares with the six sequential
solutions as follows: (1) “Xu2022 before TCM (EbC)”;
(2) “Xu2022 before VTM (EbC)”; (3) “Xu2022 before
Cheng (EbC)”; (4) “TCM before Xu2022 (CbE)”; (5) “VTM
before Xu2022 (CbE)”; (6) “Cheng before Xu2022 (CbE)”.
For brief representation, “Cheng” denotes the compression
method cheng2020Anchor, and “VTM” denotes the classi-
cal codec method VVC.

For image compression methods, we fine-tune the pre-
trained Cheng2020-anchor models provided by the Com-
pressAI PyTorch library (Bégaint et al. 2020) and the mod-
els provided by TCM (Liu, Sun, and Katto 2023) on the

Ours
Cheng-S
Cheng-L
TCM-L

TCM-M
TCM-S

0 500 1000 1500 2000
FLOPs(G)

Enhance Compress Joint

Ours
Cheng-S
Cheng-L
TCM-L

TCM-M
TCM-S

0 20 40 60 80 100
Parameters(M)

Figure 5: Comparison of computational costs and model
size. “TCM-S”/“TCM-M”/“TCM-L” represents the se-
quential solution of the 64/96/128 channels compression
method (Liu, Sun, and Katto 2023) before the low-light
image enhancement method (Xu et al. 2022). “Cheng-
S”/“Cheng-L” represents the sequential solution of the
128/192 channels compression method (Cheng et al. 2020)
before the low-light image enhancement method (Xu et al.
2022). Obviously, our joint solution has the advantage of
lower computational costs and fewer model parameters.

Flicker and paired low-light image training datasets for fair
comparison. The VCC is implemented by the official Test
Model VTM 12.1 with the intra-profile configuration from
the official GitHub page to test images, configured with
the YUV444 format to maximize compression performance.
For the low-light enhancement method Xu2022, we use the
source code obtained from the official GitHub page fine-
tuned on the same paired training datasets for fair compari-
son. We show the overall rate-distortion (RD) performance
curves on SID, SDSD-indoor, SDSD-outdoor, and SMID
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Figure 6: We adopt the state-of-the-art low-light enhance-
ment method SMG (Xu, Wang, and Lu 2023) for compari-
son on the SID dataset. The results of the experiments show
that the proposed joint solution also achieves the greatest ad-
vantages compared to the sequential solutions.

datasets in Figure 4. Our proposed solution (red curves)
achieves great advantages with the common metrics PSNR
and MS-SSIM. More qualitative results with quantitative
metrics are included in the supplementary material.

Obviously, the error accumulation and loss of informa-
tion in the individual models plague the sequential solution.
Especially, the compressed low-light images with useful in-
formation loss make it difficult for the low-light image en-
hancement method to reconstruct pleasing images.

Computational complexity. We compare the computa-
tional cost and model size of the proposed joint solution
with sequential solutions of the typical learning-based im-
age compression method Cheng2020-anchor (Cheng et al.
2020), the state-of-the-art learning-based image compres-
sion method TCM (Liu, Sun, and Katto 2023) and the low-
light image enhancement method Xu2022 (Xu et al. 2022).
As shown in Figure 5, the left side of the figure shows the
computational cost over an RGB image with the resolution
of 960×512, and the right side of the figure shows the num-
ber of model parameters. In our proposed joint solution, the
low-light image enhancement and image compression share
the same feature extractor/decoder during the encoding/de-
coding. Thus, the proposed joint solution achieves much
lower computational costs and fewer model parameters.

Comparison with another enhancement method. To
further verify the effectiveness of the joint solution, we have
also performed comparison experiments with another state-
of-the-art low-light image enhancement method SMG (Xu,
Wang, and Lu 2023). The proposed joint solution com-
pares with the six sequential solutions as follows: (1)
“SMG before TCM (EbC)”; (2) “SMG before VTM (EbC)”;
(3) “SMG before Cheng (EbC)”; (4) “TCM before SMG
(CbE)”; (5) “VTM before Xu2022 (CbE)”; (6) “Cheng be-
fore Xu2022 (CbE)”. The comparison results on the SID
dataset are shown in Figure 6. It is worth noting that SMG
uses a more complex network structure, implying a higher
computational cost. The experimental results show that our
proposed joint solution consistently has a large advantage
over sequential solutions. This indicates that our proposed
method can indeed solve the problem of error accumulation
and loss of information in sequential solutions.
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Figure 7: The impact of different branches on RD perfor-
mance. The curves are aggregated on the SID. More experi-
mental results are presented in the supplementary material.

Analysis
Impact of the SNR-aware branch. The SNR-aware
branch can effectively extract local and non-local informa-
tion from the low-light image by being aware of the signal-
to-noise ratio, which is crucial for our low-light image en-
hancement. To verify the effectiveness of the SNR-aware
branch, we remove the SNR-aware branch and add corre-
sponding network modules to the main enhancement branch
to achieve low-light image enhancement. We name this
method “Joint Guidance without SNR-aware”. The model
architecture is similar to DC (Cheng, Xie, and Chen 2022).
More details of this method are given in the supplementary
material. Figure 7 shows the results of our method outper-
forms the “Joint Guidance without SNR-aware” by a large
margin, indicating that the significance and importance of
the SNR-aware branch (red curve vs blue curve).

Joint guidance with SNR-aware. To further investigate
another training strategy by using the SNR-aware informa-
tion, we additionally use a three-branch network architec-
ture (named “Joint Guidance with SNR-aware”) for experi-
ments. It has an additional teacher guidance branch during
the training stage. Details are shown in the supplementary
material. The comparison results are shown in Figure 7. The
performance of using such a “Teacher Guidance Branch” is
slightly worse than our joint solution (red curve vs yellow
curve), while additionally increasing the computational cost
during the training procedure. That is, our usage of SNR-
aware information is more effective and efficient.

Conclusion
We propose a novel joint solution to make lossy image
compression meaningful for low-light images, alleviating
the problem of error accumulation when the two tasks are
performed in sequential manners. Local and non-local fea-
tures (obtained by the SNR-aware branch) would be fused
with the compressed features to generate enhanced features.
Finally, the enhanced image can be obtained by decoding
the enhanced features directly. The experiments show that
Our proposed joint solution surpasses sequential solutions
significantly in terms of PSNR and MS-SSIM, resulting in
superior reconstructed image quality for subsequent visual
perception. Additionally, it offers lower computational costs
and a reduced number of model parameters.
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Ballé, J.; Minnen, D.; Singh, S.; Hwang, S. J.; and Johnston,
N. 2018. Variational Image Compression with a Scale Hy-
perprior. In ICLR.
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