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Abstract
This paper proposes a self-supervised low light image enhancement method
based on deep learning, which can improve the image contrast and reduce
noise at the same time to avoid the blur caused by pre-/post-denoising. The
method contains two deep sub-networks, an Image Contrast Enhancement Net-
work (ICE-Net) and a Re-Enhancement and Denoising Network (RED-Net).
The ICE-Net takes the low light image as input and produces a contrast en-
hanced image. The RED-Net takes the result of ICE-Net and the low light
image as input, and can re-enhance the low light image and denoise at the same
time. Both of the networks can be trained with low light images only, which is
achieved by a Maximum Entropy based Retinex (ME-Retinex) model and an as-
sumption that noises are independently distributed. In the ME-Retinex model,
a new constraint on the reflectance image is introduced that the maximum chan-
nel of the reflectance image conforms to the maximum channel of the low light
image and its entropy should be the largest, which converts the decomposition
of reflectance and illumination in Retinex model to a non-ill-conditioned prob-
lem and allows the ICE-Net to be trained with a self-supervised way. The loss
functions of RED-Net are carefully formulated to separate the noises and details
during training, and they are based on the idea that, if noises are independently
distributed, after the processing of smoothing filters (e.g. mean filter), the gra-
dient of the noise part should be smaller than the gradient of the detail part.
It can be proved qualitatively and quantitatively through experiments that the
proposed method is efficient.
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Abstract
This paper proposes a self-supervised low-light image enhancement method
based on deep learning that simultaneously improves image contrast and re-
duces noise while avoiding blur caused by pre- or post-denoising. The method
comprises two deep sub-networks: an Image Contrast Enhancement Network
(ICE-Net) and a Re-Enhancement and Denoising Network (RED-Net). The
ICE-Net takes a low-light image as input and produces a contrast-enhanced im-
age. The RED-Net takes both the output of ICE-Net and the original low-light
image as input, enabling it to re-enhance the low-light image and denoise simul-
taneously. Both networks can be trained using only low-light images, achieved
through a Maximum Entropy based Retinex (ME-Retinex) model and an as-
sumption that noise is independently distributed. In the ME-Retinex model,
we introduce a novel constraint on the reflectance image: the maximum channel
of the reflectance image should conform to the maximum channel of the low-
light image while having maximum entropy. This converts the decomposition
of reflectance and illumination in the Retinex model from an ill-conditioned to
a well-posed problem, enabling self-supervised training of ICE-Net.

The loss functions of RED-Net are carefully formulated to separate noise from
details during training, based on the principle that if noise is independently
distributed, the gradient of the noise component should be smaller than that of
the detail component after processing with smoothing filters (e.g., mean filters).
The effectiveness of the proposed method is demonstrated both qualitatively
and quantitatively through experiments.

1. Introduction
Images captured in low-light conditions invariably suffer from low contrast, low
brightness, and severe noise. Low-light image enhancement methods address
these problems before high-level computer vision tasks, yet few methods handle
these issues effectively simultaneously. Recently, various deep learning-based
algorithms have achieved remarkable results in image processing and computer
vision tasks such as object detection [?, ?, ?, ?] and image segmentation [?, ?, ?].
A key reason for this rapid development is the availability of large datasets with
clear and unambiguous labels. Although dataset construction incurs some cost,
it remains acceptable, and numerous open-source datasets can be found online
to support network training.

However, in low-level image processing tasks such as low-light image enhance-
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ment, image dehazing, and image restoration, obtaining large numbers of true
input-label image pairs is difficult. For low-light image enhancement, previ-
ous supervised solutions have achieved good visual effects, particularly in noise
reduction, by synthesizing low-light images [?] or using images with different
exposure times [?]. Nevertheless, two fundamental problems remain. First, it
is unclear how to ensure that a pre-trained network generalizes to images from
different devices, scenes, and lighting conditions without building new training
datasets (e.g., [?] fails to remove background noise in Fig. 1). Second, it is
difficult to determine whether the normal-light image used for supervision is
optimal, as multiple normal-light images may correspond to a single low-light
image. Typically, datasets with paired low/high-light images require artificial
adjustment, which is time-consuming and labor-intensive, and we cannot guar-
antee that the normal-light images are ideal for training.

To overcome these limitations, we propose a self-supervised low-light image
enhancement framework that simultaneously performs image contrast en-
hancement and denoising. Similar to previous works [?], we use two networks
for contrast enhancement and denoising, respectively. However, unlike prior
work, both the Image Contrast Enhancement Network (ICE-Net) and the
Re-Enhancement and Denoising Network (RED-Net) are trained in a self-
supervised manner. The RED-Net is specifically designed to reduce noise by
re-enhancing the contrast of low-light images, thereby minimizing information
loss caused by pre- or post-processing with existing denoising methods.

For training ICE-Net, we propose a Maximum Entropy based Retinex (ME-
Retinex) model. Unlike previous Retinex models that only assume smooth illu-
mination, our ME-Retinex model introduces a new constraint on the reflectance
image: the maximum channel of the reflectance image should conform to the
maximum channel of the low-light image while having maximum entropy. This
constraint allows direct control over the image enhancement level and converts
the ill-posed decomposition of reflectance and illumination into a well-posed
problem.

For training RED-Net, we adopt the assumption that noise follows a Poisson
distribution and is independent across different pixels. Under this assumption,
the gradients of noise should be smaller than those of details after smoothing
filter processing, with most noise gradients approaching zero. This enables sep-
aration of noise from details in reflectance by treating gradients from smoothed
reflectance as weights. Since our task involves image contrast enhancement,
where edges with higher gradients typically have higher contrast, the RED-Net
loss functions are designed to increase gradients of details and edges for better
contrast enhancement—differing from previous works that only preserve edges.
Based on these ideas, we formulate several self-supervised loss functions and
validate their effectiveness through experiments.

The loss functions in this paper enable complete self-supervised training, mean-
ing we can solve image enhancement tasks for specific images using either CNNs
or analytical methods. However, more training data in CNNs often yields better
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results (e.g., Fig. 4), and CNNs typically require less processing time than ana-
lytical methods. The proposed method is independent of how low-light images
are acquired, and the training process is entirely self-supervised, providing good
generalization capability. Even if the pre-trained network performs poorly in
a new environment, retraining or fine-tuning is possible without constructing
paired or unpaired normal-light image datasets. Our contributions are summa-
rized as follows:

• We propose a framework for enhancing low-light images that simultane-
ously improves image contrast and reduces noise. Through close coupling
of the two processes, we reduce information loss in image enhancement
tasks (e.g., blur caused by commonly used post-denoising).

• We propose an Image Contrast Enhancement Network (ICE-Net) and a
Re-Enhancement and Denoising Network (RED-Net), both trainable via
self-supervision, eliminating dependence on paired or unpaired images.
The RED-Net can be combined with other Retinex or HSV-based image
enhancement methods to achieve re-enhancement and noise suppression,
even for methods like AHE (Adaptive Histogram Equalization [?]) that
produce heavy noise, which benefits many previous contrast enhancement
studies.

• We compare the proposed method with several state-of-the-art methods
through comprehensive experiments, evaluating results using objective
metrics and visual quality. All results consistently demonstrate the ef-
fectiveness of our method.

2. Related Works
Low-light image enhancement. Directly adjusting image contrast is perhaps
the most intuitive approach to enhancement, including Histogram Equalization
(HE) and other HE-based improvements [?, ?, ?, ?, ?]. Although these improved
methods aim to suppress noise, preserve hue, and maintain brightness, direct
contrast adjustment still suffers from over- and under-enhancement, noise am-
plification, and other issues. Gamma correction is another mapping approach
frequently used for low-light enhancement. While it ensures good image bright-
ness and stretches contrast in dark or bright areas, it cannot avoid noise ampli-
fication, and its results heavily depend on the manually selected Gamma value.

Retinex is a widely used model for low-light enhancement in recent years. Ac-
cording to Retinex theory, an image can be decomposed into reflectance and
illumination. Early works SSR [?] and MSR [?] treat reflectance as the final
enhanced result. However, since decomposition is an ill-posed problem with-
out sufficient constraints on reflectance, enhanced images often exhibit unreal-
istic phenomena such as over-enhancement and whitening, and these methods
struggle with noise reduction. Recent works enhance illumination after decom-
position and obtain the final enhanced image by recombining enhanced illu-
mination and reflectance. However, enhanced images may still contain noise,
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requiring additional post-denoising procedures [?, ?] that produce blurred de-
tails. [?] introduced a joint low-light enhancement and denoising method that
achieves both simultaneously, further improving the method by considering a
noise map compared to conventional Retinex models. Although these meth-
ods show promising results, most require multiple iterations for decomposition,
which is time-consuming. Meanwhile, without automatic illumination manipu-
lation, enhanced images may lack proper contrast and typically require careful
parameter tuning.

Recently, the remarkable performance of deep learning has inspired promising
works in low-light image enhancement, including supervised methods [?, ?, ?, ?]
and unsupervised methods [?, ?]. Most early supervised learning works train
networks with synthetic datasets [?, ?, ?, ?]. Although the data obtained by
these methods appears dark and noisy, it differs from natural low-light images.
Chen et al. [?] introduced a dataset containing real raw low-light images and cor-
responding raw high-light images for training. Since multiple reference images
may exist for a single input low-light image, they introduced an amplification
ratio in the network to achieve correspondence between input and reference.
This method effectively solves noise and color distortion problems; however,
the ratio must be manually chosen during testing, limiting widespread use, and
a single ratio may produce over- or under-enhanced areas. [?] introduced the
LOL dataset containing real paired low and high-light images, incorporating the
Retinex model into training to connect reflection images of input and reference,
and proposed denoising reflectance with BM3D [?]. However, this approach still
causes blur or leaves noise. [?] added a subnet called restoration-net to denoise
reflectance and provided an extra brightness ratio to control illumination, but
testing still requires manual ratio adjustment for better results. Although these
methods use real low-light data for training, the lack of constraints on enhanced
image contrast leads to over-enhancement (saturation) or under-enhancement,
even with artificial parameter adjustment. In unsupervised works, [?] proposed
a GAN-based method trainable with unpaired data but cannot control enhance-
ment results. [?] proposed a zero-reference low-light enhancement method train-
able without any paired or unpaired data but did not provide noise removal
methods.

Image denoising. Many denoising methods have been proposed over the past
few decades, including conventional methods [?, ?] and learning-based methods
[?, ?, ?]. However, these denoising methods are not specifically designed for
low-light image enhancement tasks. Pre- or post-processing with these methods
causes detail loss, and learning-based methods may become invalid for different
noise distributions. [?] proposed a denoising method for low-light enhancement
but requires paired low/high-light image data for training. Recently, [?] pro-
posed an unsupervised denoising method called N2V that can be trained with
only noisy images; however, in our tests, it still causes blur even when retrained
with enhanced images.

[Figure 2: see original paper]. The structure of the proposed method. RED-Net
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takes low-light images and the max channel of the output of ICE-Net as input.

3. Proposed Model
The proposed method aims to achieve low-light image enhancement and denois-
ing without any artificial adjustment when only low-light images are available.
For example, when a camera enters a new low-light environment, pre-trained
networks may not work for different distributions, and the only available data
are low-light images. To achieve automatic contrast enhancement, we propose
a Maximum Entropy based Retinex model and a self-supervised ICE-Net that
leverages multiple images. For denoising, we propose a self-supervised RED-Net
specifically designed for low-light image enhancement tasks. Through the com-
bination of re-enhancement and denoising, RED-Net can preserve more details
during the denoising process. The structure of the proposed method is shown
in Fig. 2.

3.1. ME-Retinex Model and ICE-Net

Recently, many low-light image enhancement works are based on the following
Retinex model:

𝑆 = 𝑅 ∘ 𝐼

where 𝑆 and 𝐼 represent the captured image and illumination image, respec-
tively, 𝑅 represents reflectance (treated as the desired enhanced image in some
works), and ∘ denotes element-wise multiplication. Most recent works assume
the three color channels share the same illumination to simplify the model [?, ?],
generally using the maximum value of the three color channels as the initial illu-
mination map estimate [?]. It has been proven that image enhancement meth-
ods based on this simplified Retinex model are equivalent to directly controlling
contrast on the V channel in HSV color space while keeping H and S channels un-
changed [?]. However, differences remain between these two approaches. Meth-
ods that directly control image contrast typically stretch contrast in some areas
while compressing it in others, causing detail loss in compressed areas (over-
/under-enhancement can be considered detail loss). For example, HE merges
smaller bins, and Gamma correction compresses contrast in bright areas, both
causing detail loss. Retinex-based methods usually lack constraints on the con-
trast of the target enhanced image (whether 𝑅 or 𝑅 ∘ 𝐼𝛾), producing uncertain
results.

If we interpret HE or Gamma correction through the Retinex model, the en-
hanced image 𝑅 is obtained via 𝑆/𝐼 without the constraint that illumination 𝐼
is smooth, so missing details are retained in illumination 𝐼 . Consider that if a
rich texture area 𝑆 is divided by a smooth 𝐼 , details will appear in 𝑅, avoiding
detail loss in HE or Gamma correction. We can thus combine direct contrast
control methods with the Retinex model to leverage both advantages. This
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combination also suppresses noise through the assumption that illumination is
smooth, compared to direct contrast control methods.

Typically, a Retinex-based method can be expressed as follows:

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑟𝑒𝑐𝑜𝑛 + 𝜆1ℒ𝑅 + 𝜆2ℒ𝐼

where ℒ𝑟𝑒𝑐𝑜𝑛, ℒ𝑅, and ℒ𝐼 represent reconstruction loss, reflectance loss, and
illumination loss, respectively, and 𝜆1 and 𝜆2 are weight parameters. The re-
construction loss ℒ𝑟𝑒𝑐𝑜𝑛 can be expressed as:

ℒ𝑟𝑒𝑐𝑜𝑛 = ‖𝑆 − 𝑅 ∘ 𝐼‖1

where ‖ ⋅ ‖1 denotes the L1 norm. We use the L1 norm to constrain all losses
and do not compare the impact of L1, L2, SSIM, and other loss functions on
low-level image processing tasks, as related studies already exist [?].

In this paper, we adopt the HE method to form a Maximum Entropy based
Retinex model, formulating the reflectance loss as:

ℒ𝑅 = ∥ max
𝑐∈{𝑟,𝑔,𝑏}

𝑅𝑐 − ℱ ( max
𝑐∈{𝑟,𝑔,𝑏}

𝑆𝑐)∥
1

+ 𝜆‖∇𝑅‖1

where ℱ(𝑥) denotes the histogram equalization operator applied to image 𝑥,
𝜆 is a weight parameter, and ∇ denotes the gradient operator. The first term
means the maximum channel of reflectance should conform to the maximum
channel of the low-light image with maximum entropy, which can be considered
as directly controlling the contrast of the enhanced image. The second term is
a commonly used smoothing term to suppress noise, though it is often difficult
to distinguish image details from noise effectively.

For illumination loss, we adopt the structure-aware smoothness loss proposed
in [?]:

ℒ𝐼 = ‖∇𝐼 ∘ exp(−𝜆3|∇𝑅|)‖1

Equation 5 is proposed to make the illumination loss aware of image structure
[?]. This loss means the original TV function ‖∇𝐼‖1 is weighted by the gradient
of reflectance.

For Equations 2-5, we introduce an ICE-Net to solve this optimization problem.
One might ask: why introduce a CNN? Since the ideal image can be obtained by
minimizing the total loss, one could simply run this optimization directly on 𝑅
and 𝐼 for a single image 𝑆, making the CNN seem unnecessary. However, most
optimization processes require multiple iterations, causing time consumption
issues, and more constraints lead to more complex solutions. Additionally, HE
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is a global enhancement method that inevitably causes locally over-bright or
over-dark problems. By introducing CNN and training on multiple images, this
problem can be avoided, as shown in Fig. 4 [Figure 4: see original paper]. This
is because, under the HE constraint, the same local area in different images will
be enhanced to different degrees, and CNN trained with L1 regularization will
learn to find median values instead of becoming over-bright or over-dark.

Furthermore, the loss function and ICE-Net are designed to learn appropriate
contrast and brightness enhancement, so we made no special design for de-
noising; the RED-Net designed in the next subsection can effectively achieve
denoising.

3.2. RED-Net

After ICE-Net processing, although image contrast has improved, some noise
remains. Inspired by [?], which introduced a Conditional Re-Enhancement Net-
work (CRE-Net) for denoising in low-light enhancement tasks, we further pro-
pose a self-supervised RED-Net to re-enhance low-light images and denoise si-
multaneously.

In this part, we still build the loss function based on Equation 2, but each
sub-loss function has been modified. For the reconstruction loss ℒ′

𝑟𝑒𝑐𝑜𝑛 in RED-
Net, we adopt the assumption that noise follows a Poisson distribution [?], which
better matches real low-light image noise. To distinguish variables in RED-Net
from those in ICE-Net, we add the superscript (⋅)′ for RED-Net variables. The
reconstruction loss can be expressed as:

ℒ′
𝑟𝑒𝑐𝑜𝑛 = 𝑅′ ∘ 𝐼′ − 𝑆 ∘ log(𝑅′ ∘ 𝐼′)

where 𝑅′ and 𝐼′ represent the reflectance and illumination produced by RED-
Net, respectively, and 𝑅′ is also the target enhanced image of the entire proposed
method.

We argue that an image can be divided into different components: noise, flat
areas, details, and structural information, with no clear dividing line between
details and structural information. Many methods can remove noise, but the
key challenge is separating details and structure from noise, then preserving
or even strengthening those details and structure during denoising. To make
reflectance less noisy while preserving rich details and sharp edges, we design
the reflectance loss as follows:

ℒ′
𝑅 = max

𝑐∈{𝑟,𝑔,𝑏}
𝑅′

𝑐− max
𝑐∈{𝑟,𝑔,𝑏}

𝑅𝑐∘log ( max
𝑐∈{𝑟,𝑔,𝑏}

𝑅′
𝑐)+𝜆‖𝑊∘𝒩(|∇𝑅′|)∘exp(−𝜆3𝑊∘𝒩(|∇𝑅′|))‖1

where 𝒩(𝑥) and |𝑥| represent local normalization on 𝑥 and absolute value of 𝑥,
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respectively. 𝑅 and 𝑅′ represent the output reflectance of ICE-Net and RED-
Net, respectively. 𝑊 represents weights calculated as:

𝑊 = 𝒩(|∇(𝒢(𝑅′))|)

where 𝒢(𝑥) denotes a smoothing filter on 𝑥 (mean filter is used in the proposed
method). The curve of the second term 𝑥⋅exp(−𝜆𝑥) is shown in Fig. 3 [Figure 3:
see original paper]. Intuitively, after smoothing, details and structure still have
gradients, though smaller than before, while noise and smooth areas have no
gradients or much smaller gradients. We can thus use gradients from smoothed
images as weights. As shown in Fig. 3, when the loss function takes the form
𝑥⋅exp(−𝜆𝑥), small 𝑥 becomes smaller and high 𝑥 becomes higher during training.
Through local normalization, details and structure are more likely to fall on the
right side, making them sharper during training. As shown in Fig. 5 [Figure 5:
see original paper], noise is well removed while details are preserved.

[Figure 3: see original paper]. The curve of 𝑦 = 𝑥 ⋅ exp(−𝜆𝑥)
[Figure 4: see original paper]. Results by ICE-Net with different training data.
(a) Input. (b) Network trained with multiple data. SSIM: 0.6743, PSNR:
23.4716, NIQE: 3.9140 (c) Network trained with (a) only. SSIM: 0.4858, PSNR:
15.5112, NIQE: 4.9367 (d) Reference

Typically, illumination is expected to retain only structural information while
ignoring detailed information. Therefore, we can adopt a design similar to the
reflectance loss, and the illumination loss can be expressed as:

ℒ′
𝐼 = ‖𝑊𝐼 ∘ 𝒩(|∇𝐼′|) ∘ exp(−𝜆3𝑊𝐼 ∘ 𝒩(|∇𝐼′|)) ∘ exp(−𝜆3𝑊𝑅 ∘ 𝒩(|∇𝑅′|))‖1

where 𝑊𝐼 and 𝑊𝑅 represent weights calculated as:

𝑊𝐼 = 𝒩(|𝒢(∇𝐼 ′)|)
𝑊𝑅 = 𝒩(|𝒢(∇𝑅′)|)

where 𝒢(𝑥) and 𝒩(𝑥) still denote smoothing filter and local normalization on
𝑥, respectively. Unlike 𝑊 in Equation 8, the order of gradient operation ∇ and
smoothing operation 𝒢 are switched.

It can be considered that for noise and details, the mean gradient in a local
area should be small, which is quite different for structure. For example, text
on white paper may have opposite gradients in a local area, making the mean
gradient close to zero. With 𝑊𝐼 and the special loss form 𝑥 ⋅ exp(−𝜆𝑥), we can
separate noise and details from structure in illumination and make structural
edges sharper during training. We also preserve exp(−𝜆3𝑊𝑅 ∘ 𝒩(|∇𝑅′|)) and
introduce weight 𝑊𝑅 to ensure consistency of structural information between
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reflectance and illumination. It should be noted that all weight terms 𝑊 , 𝑊𝑅,
and 𝑊𝐼 do not participate in backpropagation during training.

4. Experiments
We use the LOL database [?], which contains 500 low/normal-light image pairs,
with 485 used for training. Each image size is 400 × 600. Note that during
training, we only use natural low-light images without any synthetic data or
normal-light images. During training, our batch size is set to 16 and patch size
to 48 × 48. We use Adam stochastic optimization [?] to train the network with
a learning rate of 0.001. Network training and testing are completed on an
Nvidia GTX 2080Ti GPU and Intel Core i9-9900K CPU, with code based on
the TensorFlow framework.

To evaluate the proposed method’s performance on enhancing low-light images,
we quantitatively and visually compare it with several low-light enhancement
methods, including LIME [?], RRM [?], Retinex-Net [?], KinD [?], and addi-
tional data collected from other datasets for testing. Three metrics are adopted
for quantitative comparison: Peak Signal-to-Noise Ratio (PSNR), Structural
SIMilarity (SSIM) [?], and NIQE [?]. NIQE is a non-reference image quality as-
sessment method that evaluates image naturalness, with lower values indicating
better quality. PSNR and SSIM are reference-based quality assessment meth-
ods indicating noise level and structural similarity between results and reference,
respectively.

4.1. Ablation Study

To demonstrate the necessity of introducing CNN and the effectiveness of each
component, we conduct two ablation studies.

Contribution of ICE-Net. This ablation study addresses why we do not
simply optimize the loss function to obtain results, as in other variational-based
Retinex models [?, ?], if the network can be trained in a self-supervised way.
As mentioned in Sec. 3.1, the CNN-based ICE-Net is introduced to avoid HE-
related problems through training with multiple data. Since directly solving
Equation 2 through variational methods under our proposed loss functions is
difficult, we use a CNN trained with only a single low-light image instead, with
results considered a solution to Equation 2.

Fig. 4 presents ICE-Net results trained with a single low-light image versus
multiple images, showing that training with multiple data achieves better con-
trast and brightness enhancement. As seen in Fig. 4(c), optimization on a
single low-light image cannot avoid under- or over-enhancement problems (e.g.,
green pipes and metal hinges) caused by HE. However, in Fig. 4(b), training
with multiple images produces more appropriate brightness in every local area.
Objective metrics also show better results with multiple training data in PSNR,
SSIM, and NIQE, indicating less noise and results more similar to the reference
and more natural.
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Contribution of Each loss in RED-Net. We present RED-Net results
trained with different losses and weights in Fig. 5. To better illustrate the
importance of each loss component, we use AHE [?], which produces serious
noise during processing, as the contrast enhancement method (e.g., Fig. 5(c)),
and study re-enhancement and denoising effects under different loss functions.
We use the complete loss function as the baseline (containing Equations 6-11)
and study the influence of removing different weight terms:

• Without 𝑊 in Equation 7 (Fig. 5(e))
• Without 𝑊𝐼 and 𝑊𝑅 in Equation 9 (Fig. 5(f))
• Without exp(−𝜆3𝑊𝑅 ∘ 𝒩(|∇𝑅′|)) in Equation 9 (Fig. 5(h))
• Without exp(−𝜆3𝑊𝐼 ∘ 𝒩(|∇𝐼′|)) in Equation 9 (Fig. 5(g))

As shown in Fig. 5(d), with all proposed loss functions, RED-Net can ob-
viously reduce noise while preserving details. When we simply remove 𝑊
(Fig. 5(e)), only obvious structures are preserved, proving the importance
and effectiveness of separating noise and details through 𝑊 . When we remove
exp(−𝜆3𝑊𝑅 ∘ 𝒩(|∇𝑅′|)) (Fig. 5(h)), details are lost and some obvious edges
become slightly blurred. When we remove 𝑊𝐼 and 𝑊𝑅, designed to smooth
noise and details while preserving structure in illumination, some details in re-
flectance are blurred (Fig. 5(f)), proving the importance of smoothing noise and
details in illumination and validating our design.

In Fig. 5(g) and (d), it appears that removing exp(−𝜆3𝑊𝐼 ∘ 𝒩(|∇𝐼 ′|)) from
illumination loss does not affect reflectance results. However, as seen in Fig.
6 [Figure 6: see original paper], edges (e.g., edges in red rectangles) in illu-
mination are blurred under this loss variant, which may cause halo effects in
reflectance. Well-behaved illumination can also help future work (e.g., avoiding
over-enhancement). We also studied the case without Poisson distribution; how-
ever, with AHE [?], RED-Net output becomes completely unacceptable, even
losing structure.

[Figure 6: see original paper]. Visual comparison with different training losses
in RED-Net. (a)-(b) With or without exp(−𝜆3𝑊𝐼 ∘ 𝒩(|∇𝐼 ′|)), see details re-
spectively. Please zoom in to view.

4.2. Comparison with State-of-the-Arts

This subsection compares the proposed method’s performance with current
state-of-the-art methods through qualitative and quantitative experiments. We
used not only the LOL dataset but also standard datasets from previous works,
including LIME [?] (10 images), MF [?] (10 images), and VV [?] (23 images).

We compared the combination of ICE-Net and RED-Net with previous methods
capable of contrast enhancement and denoising, including LIME [?] with denois-
ing post-processing, RRM [?] for joint enhancement and denoising, Retinex-Net
[?] trained supervisedly and denoised with BM3D [?] in reflectance, and KinD
[?] trained supervisedly for contrast enhancement and denoising. Code was
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downloaded from authors’ homepages and parameters set as recommended. Re-
sults are shown in Fig. 7 [Figure 7: see original paper] and Tables 1 and 2
.

Fig. 7 shows qualitative evaluation results. Compared with LIME and Retinex-
Net, which denoise reflectance with BM3D, our two-stage method that first
enhances then re-enhances and denoises achieves a better balance between de-
noising and detail preservation, even comparable to the supervised method KinD
(e.g., books in the bookcase processed by LIME are blurred, Retinex-Net still
has serious noise, while both our method and KinD preserve text well). Also,
as seen in the second and last rows of Fig. 7, our method works under serious
noise and non-uniform illumination conditions (e.g., face and arm in shadow
are well enhanced). Since we assume the difference between detail and noise is
independent noise distribution—which is not always true—the rough wall was
smoothed in the blue rectangle in the third row. (More detailed experiments,
comparisons, network structures, and parameters are included in supplemen-
tary material. In our experiments, network structure impact is not significant;
RED-Net has the same structure as in [?], and ICE-Net is similar to RED-Net
but with fewer layers.)

Tables 1 and 2 show quantitative evaluation results. Our method achieves poorer
NIQE but highest PSNR and middle SSIM, meaning our processed images differ
from natural images and references after final enhancement, but noise is well re-
moved. This is because, when designing ICE-Net and RED-Net, we mainly con-
sidered automatic adaptation to new environments and noise removal, without
incorporating natural image priors into loss functions, especially in RED-Net.
Meanwhile, during enhancement, our goal is to enhance details in each local
area, which differs from reference images obtained by adjusting exposure time.

. NIQE scores on each subset (LOL [?], LIME [?], MF [?], VV), where smaller
NIQE indicates better alignment with natural images.

Dataset LIME [?] LOL [?] MF [?] VV
LIME[?]
RRM[?]
Retinex-Net[?]
KinD[?]
Proposed

. SSIM and PSNR scores on the LOL [?] dataset, where higher SSIM and PSNR
indicate better alignment with reference and less noise, respectively.

Dataset LIME[?] RRM[?] Retinex-Net[?] KinD[?] Proposed
SSIM
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Dataset LIME[?] RRM[?] Retinex-Net[?] KinD[?] Proposed
PSNR

5. Conclusion and Future Work
This paper proposes a two-stage framework for automatic low-light image en-
hancement and denoising that first enhances image contrast then further re-
enhances and denoises. Both networks in our method can be trained in a self-
supervised manner, enabling application in real new environments and devices.
Experimental results on various low-light datasets show our method is compara-
ble to many state-of-the-art methods in both visual effects and objective metrics.
Future work will explore restoring color degradation, combining RED-Net and
ICE-Net, and integrating low-light image enhancement with high-level tasks to
further improve real-time performance.
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