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Abstract Low light usually reduces image visibility, making image id enti cation di cult. Low-light image enhancement (LLIE) a ims
to improve the illumination and visibility of dark images wi th lighting noise. LLIE has broad utility in visual applicat ions, including
object detection, image recognition, and image segmentati on under low-light conditions. For real-world application s, low-light images,
often with complex noise, have been subjected to joint LLIE a nd denoising. However, only inferior restoration performa nce has been
achieved, attributed to two challenges: (1) in real-world d ark images, noise is somewhat covered by low light, and the re sidual noise after
denoising is inevitably ampli ed during enhancement; (2) t he conversion of raw data to SRGB leads to information loss an d introduces
additional noise. Hence, existing LLIE methods trained on r aw data are unsuitable for more common sRGB images. Thus, we p ropose a
novel low-light enhancement and denoising network (RLED-N et) for real-world low-light images in the sRGB color space. In RLED-Net,
a di erentiable latent subspace reconstruction block (LSR B) is used to embed real-world images into low-rank subspace S to suppress noise
and reduce its impact during enhancement. We then present an e cient cross-channel and shift-window transformer (CST) layer with
two branches for calculating the window and channel attenti ons to resist degradation (e.g., speckle noise and blur) cau sed by noise in
low-light images. Based on the CST layers, we further presen t a U-structure network, CSTNet, as a backbone for deep featu re recovery,
and construct a feature re nement block to re ne the nal fea tures. Extensive experiments on both real noisy images and p ublic image
databases verify the e ectiveness of the proposed RLED-Net for the simultaneous enhancement and denoising of real-wor Id low-light
images.
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1 Introduction

Low-light image enhancement (LLIE) [1{5] is an important low-level task for enhancing the illumination of low-light
images to achieve normal-light imagesd,6{12]. LLIE is bene cial in many visual applications for processing low-
light images with poor visibility, including object detection, image recognition, and segmentation in the dark [13].
Early methods address this task by designing minimal reconstructia models [7, 14], which generally have limited
capabilities for restoring detailed information in low-light images. In recent years, deep neural networks have been
widely applied to LLIE tasks [15{18]. These deep models are generally trained on dark images with relatilyelow
noise, achieving good performance in recovering local textures drglobal structures of images 19 22].

Certain previous deep LLIE methods simultaneously tackle image entincement and denoising £,3,16,17], aiming
to remove noise in speci ¢ layers while enhancing the image in other coponents. In other studies [19,23,24], noise
removal and enhancement of the raw image were jointly addressedhlthough these methods are promising, they still
tend to yield inferior results when speckle noise and blur are preserih real-world low-light SRGB images, as shown
in Figure 1. The root cause of the performance limitation of LLIE in real-world scenarios lies in two challenges.
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(a) Input (d) KinD++ (e) ZeroDCE++ (f) EnlightenGAN

(j) SNR (k) LLFlow
Figure 1 (Color online) LLIE comparison on a real-world image taken i n a noisy dark. Clearly, our RLED-Net can e ectively see thro ugh the
noisy dark, remove noise, and recover the details. In contra st, the enhanced images of other methods (b){(k) are still se riously disturbed.

(1) The noise issue in real-world LLIE is rather complex. Because of isu cient light or hardware limitations, the
images captured in real-world dark environments inevitably contain \arying degrees of noise, often with unknown
distribution. Moreover, some noise is covered by low light, making corplete separation by traditional methods
di cult. Moreover, the unobserved noise in images is ampli ed during enhancement, leading to speckle noise and
blur. (2) Existing methods trained on raw data are unsuitable for SRGB images because of the di erence in the
domains of raw and sRGB data. Low-light SRGB images contain less infonation than the raw image, and the
conversion of raw data to SRGB may also produce more noise. Insmd by the Retinex theory that illumination
is theoretically noise-free ¥], proposed RetinexNet-based methods2] 3] primarily focus on removing noise in the
re ectance. However, the decomposition process of RetinexNdbtased methods often falls short in completely
removing noise from the illumination because of the sub-optimal cortsaint; thus, the nal enhanced results contain
speckle noise or blur (see Figure4(b){(d)), demonstrating the di culty in completely separating nois e using the
delicately designed layers and the inaccurate representation arisgpnfrom hidden noise.

To better handle LLIE and denoising in reality, we design a new low-lightenhancement and denoising network
(RLED-Net) for enhancing real-world low-light images in the SRGB color space. Instead of removing the noise in
speci ¢ layers, we propose suppressing noise in low-rank/low-dimesional subspaces, where the noise and redundant
information can be removed from the images. In RLED-Net, a latentsubspace reconstruction block (LSRB) is
used to directly embed the noisy dark image into low-rank subspaceghereby making the network better suited
to real-world low-light image denoising. Moreover, to reduce the spekle noise and blur caused by hidden noise in
the low-light environment, we incorporate self-attention mechanisns into transformer layers to recover important
features. Accordingly, we design a cross-channel and shift-wirmdv transformer (CST) layer with two branches.
Speci cally, CST can simultaneously maintain more accurate local fetures (e.g., edge/texture) and global features
(e.g., color/shape) by applying shift-window attention and cross-¢annel attention in two parallel branches. Through
ablation studies, we demonstrate that this structure can preseve more useful features. The framework of RLED-Net
is shown in Figure 2. The main contributions of this study are as follows.

We propose a di erentiable LSRB that e ectively suppresses noise irreal-world low-light images by representing
them in low-rank subspaces.

To reduce the speckle noise and blur caused by hidden noise, we desig CST layer, which can simultaneously
recover more accurate local features and global features via I§@ttention.

We develop RLED-Net for enhancing real-world low-light images in the ®GB color space, which is a more
widely used color space in reality. The SOTA performance of RLED-Newhen applied to well-designed and real
low-light images is veri ed by extensive experiments.

2 Related work

2.1 Low-light image enhancement

LLIE aims to enhance the illumination to improve the visibility of low-light im ages 1,13,21,22,2527]. Recently,
some LLIE methods have been proposed, in which the restorationf@lobal and local information is used to achieve
more natural restored results. For example, DCC-Net 2] decomposes a color image into a gray image and a
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Figure 2 (Color online) Framework of RLED-Net (a) with three main com ponents, i.e., di erentiable LSRB, CSTNet, and FRB. Each en coder
and decoder of CSTNet includes multiple CST layers. The stru cture of two CST layers is shown in (b).

color histogram to retain the color consistency between the enhared image and ground truth. Signal-to-noise ratio
(SNR) [2]] collectively exploits long-range and short-range operations usinthe SNR prior to dynamically enhancing
the pixels through spatially varying operations. LLFlow [28] uses a normalizing ow network, which takes low-light
images or features as the condition and maps the distribution of nanal-light images to model the conditional
distribution. To address the di culty in collecting paired data, some u nsupervised LLIE methods have also been
developed. EnlightenGAN [25] applies a dual-discriminator to balance global and local low-light enhacement,
as well as a self-regularized perceptual loss to constrain the distae between the low-light and enhanced images.
ZeroDCE++ [ 20] formulates the LLIE task as an image-speci ¢ curve estimation poblem using a deep network.
SCI [26] applies a lightweight cascaded illumination learning process with weighsharing for LLIE tasks. Generally,
these previous LLIE methods focus on the LLIE task itself without explicitly considering the e ects of noise. Hence,
their application to real-world low-light SRGB images is limited because the noise is heavy and complex and may
seriously interfere with image enhancement.

2.2 Joint LLIE and denoising

Certain RetinexNet-based methods have been proposed for adessing noise in low-light images. Retinex?] assumes
that low-light images depend on re ectance and illumination, where the re ectance corresponds to the content in
the image and the illumination determines the visibility of the image. RetinexNet-based methods 3, 16, 17,29, 30|
usually train a decompaosition-net to obtain re ectance and illumination, a re ectance restoration-net to re ne the
re ectance of the low-light image, and an illumination adjustment-net to adjust the illumination of the low-light
images.

To address noise in low-light images, RetinexNet-based methods asme that the noise only exists in the re-
ectance while the illumination is noise-free because of the smooth awstraints. Accordingly, denoising networks
have been used to address re ectance. The earliest RetinexNell 7] employs BM3D [31] to remove noise in the
re ectance. KinD++ [ 3] further uses illumination to guide re ectance restoration. R2RNet [32] utilizes a UNet
structure denoising network to suppress noise in the re ectance

In addition to these RetinexNet-based methods, a few deep endstend methods have limited capability to remove
noise. Enhanced frequency fusion network (EFF-Net) 33] uses dynamic hash attention and enhanced frequency
fusion to capture more details. AGP-Net [34] uses a novel graph construction method to capture the long-nage
dependencies on both the pixel and patch levels, and employs a grasupplementary prior and graph noise prior
in AGP-Net to adaptively generate supplementary features and rgularization noise for improving the performance
and generalization of image denoising. Ref.2@] proposed a network with two branches, which works in di erent
resolution spaces, simultaneously enhancing and denoising raw low-ligimages in a progressive manner. Ref.35]
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addressed enhancing and denoising low-light noisy images in the sRGBlor space by applying noise processing in
the low-frequency layer. Ref. B6] used a di usion-based framework to address the LLIE problem byformulating
a curvature regularization term anchored in the intrinsic global structure-aware regularization, which preserves
complicated details and avoids the e ects of noise during the di usionprocess.

In general, RetinexNet-based methods leverage Retinex theoryot decompose images into re ectance (noise-
containing content) and illumination (smooth lighting), enabling targe ted denoising and enhancement through
modular networks, which preserve details using frequency fusionrograph-based priors. Although these methods
are interpretable and e ective for structured noise, they generlly struggle with inaccurate decomposition and
illumination noise, which can render the enhanced results inaccurate End-to-end deep learning approaches (e.g.,
dual-branch networks or di usion models) jointly optimize enhancement and denoising, handling complex noise
more robustly, but often result in oversmoothing.

2.3 Low-rank matrix decompaosition

Low-rank matrix decomposition aims at decomposing the input data irto two low-rank matrices and then ap-
proximating the input data as the product of the obtained two low-rank matrices. Through low-rank matrix
reconstruction, we can obtain the lowest-rank representation bthe input data, and noise in the input data can be
removed. Specically, given the input data A 2 R™ ", low-rank matrix decomposition can obtain two low-rank
matrices U and V by solving the following problem:

hU; Vi =argminkX  UTVkp; (1)
Uv

whereU2 R" MandV 2 R" ",r m;n. k Ky is p-norm and Frobenius-norm is usually adopted. To optimize
the above problem, the augmented Lagrangian multiplier (ALM) [37] is typically used.

Note that the optimization is computationally complex and mostly nondi erentiable. Thus, direct integration
into deep learning is di cult. Therefore, in the proposed LSRB, we employ data-driven deep learning to realize
adaptive excavation of low-rank features in images and iteratively pdate the low-rank matricesU and V through
back-propagation to avoid limitations from the explicit consistency constraints. The detailed calculation of U and
V is described in Subsection 3.2.

3 Proposed method

We elaborate on the proposed low-light enhancement and denoisingetwork RLED-Net for enhancing real-world
low-light images in the sRGB color space. The RLED-Net framework is illistrated in Figure 2. It includes three
main components, i.e., the LSRB, the CST-based network (CSTNet) and the feature re nement block (FRB).

Real-world low-light images often contain not only low-resolution pixels but also unavoidable noise, which is
inevitably ampli ed during the LLIE process, resulting in speckles and blur in the enhanced images. To solve
these problems, we rst use LSRB to reconstruct the noisy dark inages in low-rank subspaces to suppress noise.
Furthermore, low-resolution pixels and disturbing noise will lead to a lcss of details and greater chromatic aberration.
Hence, to obtain more accurate global and local features, we ppmse a basic feature-extraction layer, the CST layer.
Based on this CST layer, we design CSTNet and FRB for deep featurextraction and re ning. Next, we introduce
these components of the proposed RLED-Net according to the sgience of data ow to make the procedures easier
to understand.

3.1 Overall pipeline and loss

Given a noisy low-light imageX 2 R® " ¥ whereh and w are height and width, RLED-Net rst feeds the image
into LSRB to compute the latent features Fisgg 2 R® " W with ¢ channels. This process can suppress noise to
some extent. SubsequentlyF sgg is sent to CSTNet to deliver deep featuresFcstnetr 2 R " ¥, including four
encoder-decoder pairs, with each pair consisting of multiple CST lays. Thereafter, Fcstnet IS passed to FRB and
mapped to the same dimension as the original low-light image to obtain aesidual imageFegs 2 R® " Y. Finally,
the restored image*? can be obtained as® = X + Fere - The loss function contains three losses, i.e. l; loss (1),
ssim loss (ssim), and TV loss (ly ), which are expressed as follows:

Looa = 11(P;Y) + lssm(P5Y) + 1 (9); 2)

where ¥ is the predicted result andY is the corresponding ground-truth. is a positive parameter.



Ren JH, et al. Sci China Inf Sci August 2026, Vol. 69, Iss. 8, 182106:5

cxhxw
| -
-~
5
Q =
Shallow features - Output g & e
S b S g o2 ©
Matrix Element-wise ) £ 2lr e C| Fad
, pos Wi < gl & e ol =
|:||:| 1x1 conv [Ilieslmpe I:Ikeshapa’ HTrau\Im.\e ® i ot (%)) e i 3 S
(@ (b)
Figure 3 (Color online) (a) Latent subspace reconstruction for embe dding features to low-rank subspaces to remove noise; (b) de tailed
feature-calculation process in CST, which consists of two b ranches for capturing local and global information.

3.2 Latent subspace reconstruction block (LSRB)

Images can be represented by low-rank structures3g{41], and the low-rank optimization problem is usually solved
by time-consuming and nondi erentiable ALM [ 37] or ADMM [ 42]. Inspired by [40], we design a di erentiable LSRB
for latent feature extraction, which e ectively reduces the spedle noise or blur in the LLIE process. Speci cally,
LSRB has a 3 3 convolution for shallow feature extraction and a latent subspacedecomposition for feature
denoising. As shown in Figure3(a), several convolutions are used to generate two low-rank maices: a coe cient
matrix U and a basis matrix V. Speci cally, the low-light image X 2 R® M Y is rst fed into a feature-extraction
module

Fshalow = f3 3(X)2R® " ¥, 3)

wherefs 3() denotes a 3 3 convolution. Shallow featuresFghaion are then applied to learn low-rank matrices to
approximate Fspaion by feeding them to the latent subspace decomposition to obtain théowest-rank representation.
A series of 1 1 convolutions is used to learn the matricedJ and V. As shown in Figure 3(a), the learning process
for coe cient matrix U is de ned as

Fu =GELU(f1 1 (GELU(f1 1 (Fshaiow)))) ;

4
U = Reshape Fy) 2 R" "™; @

wheref; i()isal 1 convolution; GELU( ) is an activation function [43]; Reshape() is a attening operation to
convert a 3D matrix to a 2D matrix; and r is the matrix rank. The basis matrix V can be learned as follows:

Fv =GELU(f; 1 (GELU(f1 1 (Fshaiow)))) ;
F = Trans (Reshape (Fy)) 2 R™ ¢; (5)
V=U F2R ¢

where Trans() denotes the transpose operation andv can be regarded as the low-rank representation. The
dimension or rank isr, wherer  hw. Finally, the denoised features are obtained as follows:

=y v2RW ¢

6

Fisre = Trans Reshapé ® 2 RC N W, ©
where ReshapE is used to convert a 2D matrix back to a 3D matrix. The denoised featires F sgg are then
transferred to CSTNet, which can also suppress the impact of noe on the restoration process.

3.3 CST-based network (CSTNet)

The low pixel values in dark images often fail to provide su cient infor mation for recovering detailed information
and brightness. A basic feature-extraction layer (CST) with two parallel branches is, therefore, proposed for
tackling this challenge. The CST layer has a shift-window attention branch (SAB) for local feature extraction and
a cross-channel attention branch (CAB) for global information computation.

Shift-window attention branch. SAB splits the input features into multiple non-overlapping windows. W-
MSA is used to perform self-attention calculations within each windowand captures local feature relationships by
establishing associations between features within the window. This imdow-based attention mechanism allows the
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model to perform feature interaction and information transfer in a local range to extract local feature relationships
within the window. SW-MSA introduces the shift window operation, an attention mechanism based on W-MSA,
which arranges the features in each window according to a certainigplacement order, enabling features across
windows to interact over a wider range. Consequently, the model &n better capture longer-distance feature rela-
tionships. However, SAB needs to mask some windows to achieve saltention calculation for windows with the
same index. These operations and the shifting strategy result in limied self-attention calculation for the windows
at the image boundary, leading to insu cient interaction between win dows. This leads to loss of important global
information [44,45].

Cross-channel attention branch. CAB is used to obtain more global information [46]. CAB calculates the
features using the whole image instead of windows and performs selftention in the channel dimension (rather
than in the spatial dimension). This process generates Query and &y representations for constructing attention
feature maps, enabling implicit encoding of global contextual infornation. The resulting attention maps are used
to project value to a new feature space along the channel dimensicto capture richer global information.

A schematic of CST is shown in Figure2(b). We stack multiple CST layers to form four encoders and decodes
to construct CSTNet. In this study, the number n; of CST layers in each encoder/decoder is set to four. CST
divides the Fisgg 2 R® N W features into two parts: Fs 2 R™ " W and F; 2 R " W wherem + k = c. SAB
rst partitions Fs into many windows (tokens) and then attens them via linear embedding, denoted asFs.. The
window-based self-attention is calculated as follows:

| = 1 1.
Bl Wisa LN Fee! +F

se

Fle=MLP LN B +B.;
(7)
ser

Fl =MLP LN BLt + Bl

se

e =SWuga LN Fs'ei + Fle;

where MLP and LN denote the multilayer perceptron [29] and layer normalization [47], respectively. Wysa and
SWusa are the window-based multi-head self-attention and shift window patitioning con gurations, respectively.
The size of the window in SAB is 8. | denotes thel-th layer in the window's self-attention. Iif’s'e and F/!, denote
the features of the Wysa and MLP in the I-th layers, respectively. If’soe denotes the embedding features. Finally,
the features of the last Iayerlif’snei are transformed into the same dimension as that of the original inpt features,
denoted asFgo; 2 R™ N W,

For CAB, the features F. are fed into a 1 1 convolution for pixel-wise aggregation of the cross-channel coext
and a 3 3 depthwise convolution for encoding channel-wise spatial contextBased on the enriched context, the

terms Query (Q), Key (K), and Value (V) can be obtained as
QK V = f§ 5(f1 1(Fe)); @)
Q;K;vV 2 Rk N w.

Thereafter, Q, K, and V are reshaped toQ 2 Rk ™ K 2 R™ k and vV 2 Rk "™ respectively. Q and K
are employed to generate the cross-channel global context ahtion maps G 2 R ¥ using the dot product. The

cross-channel attention-based featurd-c, in the I-th layer is calculated using ©).
CA(Q;K;V) = Softmax(Q K= ) V; .
Fla= 3 3(CA(QK V) + Fe:

Finally, a feed-forward network [46] with depthwise convolution is used for the nal output by applying ( 10).
This enables the featuresk¢, to learn more local structures of the images for e ective restorgéion

Fra = £§ 3(f1 1(LN(Fca)));

| (10)
Fl.. = GELU( Fg) Fra + Fea:

After calculating F!,, and Fl,,, the output features F, of the CST layer can be obtained by concatenating
the featuresFl,,; and Fl,, in the channel dimension, which can be formulated as
F(IJut = concat( Fslout ; Ftlzout ): (11)

The detailed feature-calculation process in the CST layer is shown in igure 3(b).
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Figure 4 (Color online) Visual comparison of enhanced images using t he RELLISUR dataset (PSNR/SSIM values are also reported).
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3.4 Feature re nement block (FRB)

After obtaining the reconstructed features Fcstnet USing CSTNet, they are fed into the FRB, and the nal recovered
images are computed by generating a residual image, where the FRB also built by stacking several CST layers
and a 3 3 convolution. The process is formulated as

0 1

Fo=fd, %)FST( CST (Fesme )32;

(12)
P=X+F;

where ns is the number of CST layers,F; is the residual image, and? denotes the restored image.

4 Experimental results and analysis

To validate the e ectiveness of RLED-Net, we compare it with previous deep models for noisy LLIE. In the experi-
ments, ten closely-related popular methods are used for compans, i.e., RetinexNet [2], R2RNet [32], KinD++ [ 3],
ZeroDCE++ [ 20], EnlightenGAN [25], RUAS [16], SCI [26], SNR [21], DCC-Net [22], and LLFlow [28]. Three
benchmark datasets, i.e., LOL P], LSRW [32], and RELLISUR datasets [48], and some real-world images taken by
mobile devices at night are evaluated.

To implement the proposed RLED-Net, the number of CST layers in egh encoder-decoder pair and FRB is set
to 4. We set the learning rate to 0.0001 and the trade-o paramete empirically to = 0:1. The rank r in LSRB
is set to 8 based on an ablation study. For the performance evaluéns, four widely-used metrics, i.e., the peak
signal-to-noise ratio (PSNR), structural similarity (SSIM), mean absolute error (MAE), and color-sensitive error
(CSE) [49] are chosen. Unlike the PSNR, SSIM, and MAE metrics, CSE is a chromtic aberration quantitative
metric that directly measures the color di erence between image pas. Similar to MAE, the smaller the CSE, the
better the enhancement result. All experiments and comparisonsre carried out on a PC with two 2080Ti GPUs.

4.1  Evaluation using RELLISUR dataset

We rst evaluate each method using the RELLISUR dataset [48], which consists of both indoor and outdoor scenes
captured by a DSLR camera. It has 850 low-light/normal-light image pairs. Each low-light image corresponds to
ve under-exposed images. In this study, we use low-light images wit an exposure of 3:5 for training and testing.
All images are resized to 640 640 for the experiments. To verify the enhancement and denoisingbility of the
evaluated models, Gaussian noise with noise level = 10 is added to the low-light images. The numerical results
are presented in Tablel, and some enhanced images are shown in Figu#k From the experimental results, we
make two observations. (1) As shown in Tablel, RLED-Net achieves higher PSNR and SSIM values, as well as
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Table 1 Numerical PSNR, SSIM, CSE (10 %), and MAE (%) resullts for all competing methods applied to no isy RELLISUR and LSRW datasets
( =10), where the best results are highlighted in bold.
) Method
Dataset ~ Evaluation - - -
RetinexNet R2RNet KinD++ ZeroDCE++ RUAS SCI  EnlightenGAN D CC-Net SNR LLFlow Ours
PSNR " 17.02 19.82 19.05 8.75 10.47 11.69 12.29 21.75 21.73  21.62 22.48
SSIM " 0.28 0.66 0.69 0.05 0.08 0.08 0.10 0.75 0.72 0.71 0.77
RELLISUR
CSE# 18.08 28.00 27.81 145.21 152.65 148.92 53.67 22.66 848 190 7 571
MAE # 11.70 8.61 9.79 30.87 26.25 22.23 20.06 7.03 6.93 6.75 6.48
PSNR " 16.69 17.24 { 10.03 12,12 13.38 16.09 20.03 20.37 20.21 21.63
LSRW SSIM " 0.25 0.58 { 0.07 0.11 0.08 0.15 0.66 0.64 0.66 0.68
CSE# 18.28 15.79 { 80.35 80.20 79.70 34.02 7.94 6.49 4.95 3.94
MAE # 11.99 12.09 { 26.51 21.47 17.99 12.58 7.82 8.38 7.66 7.23
Table 2 Numerical PSNR, SSIM, CSE (10 %), and MAE (%) results for all competing methods applied to th e noisy LOL datasets with di erent
noise levels, where the best results are highlighted in bold
. . Method
Noise level Evaluation
RetinexNet R2RNet KinD++ ZeroDCE++ RUAS SCI EnlightenGAN D CC-Net SNR LLFlow Ours
PSNR " 16.82 20.20 20.92 16.11 11.32 14.86 18.32 22.15 22.96 24.83 24.38
-0 SSIM* 0.43 0.82 0.80 0.53 048 0.61 0.64 0.82 0.86 0.89 0.89
CSE# 6.36 11.66 5.24 24.68 34.43 33.79 10.10 3.78 4.75 2.07 2.14
MAE # 14.93 11.68 8.83 11.59 28.23 19.18 13.71 8.96 7.64 6.59 7.13
PSNR " 16.67 18.01 15.16 10.18 10.68 11.98 14.89 15.35 21.72 22.28 22.62
=10 SSIM ™ 0.35 0.66 0.62 0.10 0.12  0.10 0.23 0.60 0.77 0.78 0.79
CSE# 27.98 32.87 7.12 42.60 4481 46.13 11.09 17.35 3.41 4.32 2.50
MAE # 12.94 11.58 17.26 26.43 27.85 22.38 15.88 15.18 8.24 7.96 7.25
PSNR " 15.04 16.88 16.64 8.30 9.91 10.05 13.21 14.11 20.15 19.29 20.99
=20 SSIM ™ 0.18 0.64 0.66 0.04 0.05 0.05 0.12 0.49 0.72 0.70 0.74
CSE# 48.27 138.34 8.62 62.58 50.68 52.80 13.89 20.29 2.66 12.41 1.07
MAE # 15.06 12.94 14.92 32.63 28.27 26.47 16.36 16.63 8.46 8.83 8.15

smaller MAE and CSE values than the congeners, followed by DCC-NetSNR, and LLFlow, which a ord better
results than the remaining methods. That is, RLED-Net is more e ective for noisy, low-light images and is more
robust to noise than the congeners. (2) From the visual resultsthe enhanced images obtained using the other
methods still have some speckle noise and blur; in contrast, the résred image obtained with RLED-Net contains
less speckle noise and blur, and RLED-Net provides clearer details #n the other methods. Moreover, the color of
the enhanced image obtained with the proposed method is the closet that of the ground-truth image, and the
CSE is the lowest, i.e., RLED-Net has smaller chromatic aberration.

4.2 Evaluation using LSRW dataset

We then evaluate each model on the LSRW dataset32], which has 5650 paired images captured by a Nikon D7500
camera and a Huawei P40 Pro mobile phone. We use 2450 paired imagiken by a Huawei mobile phone for
training and 30 paired images for testing. We resize all images to 960 640 for the shift-window transformer. To
simulate a real dark night and evaluate the robustness of each mhbd against noise, Gaussian noise with = 10 is
included in the low-light images. The numerical evaluation results are Bown in Table 1. The results are similar to
those obtained using the RELLISUR dataset. That is, RLED-Net outperforms the congeners for real-world LLIE in
terms of four metrics. The three recent methods, i.e., DCC-Net, 8IR, and LLFlow, also obtain highly comparable
results with this dataset.

4.3 Evaluation using LOL dataset

We also evaluate each model using the LOL dataset?], which contains 485 paired low-light/normal-light images
for training and 15 paired images for testing. In this study, we resiz all the images to 640 320 for each method.
To simulate a real dark night and evaluate the robustness of each ethod against noise, we add di erent levels of
Gaussian noise ( = 0; 10; 20) to the low-light images. The numerical enhancement results ar@resented in Table2,
and examples of the visually enhanced results with noise level = 10 are shown in Figure 5. The following ndings
are obtained. (1) From the numerical results in Table 2, when the original LOL dataset is used, i.e., noise level
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(a) Input (b) Groundtruth (c) RetinexNet (d) R2RNet (e) KinD++

7.23/0.14

(f) EnlightenGAN
| T 15158/0.3%°

(g) RUAS

Figure 5 (Color online) Visual comparison of enhanced images using n oisy LOL dataset (PSNR/SSIM values are also reported).
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Figure 6 (Color online) Comparison of LLIE methods using real-world noisy low-light images (with real noise), where RLED-Net is trained
on the LOL dataset with noise level = 10.
Table 3 Numerical noise variance (10 2) results for real-world noisy low-light images, where the b est results are highlighted in bold.
Evaluation RetinexNet R2RNet KinD++ ZeroDCE++ RUAS SCI Enl ightenGAN DCC-Net SNR LLFlow Ours
Noise variance # 2.57 1.46 4.84 1.90 3.89 291 2.14 1.80 2.77 2.10 0.74

=0, LLFlow obtains the best result, followed closely by RLED-Net. However, when the noise levels increase, the
performance of LLFlow declines faster than that of RLED-Net, and RLED-Net outperforms LLFlow in noisy cases.
(2) From the visualizations in Figure 6, RLED-Net obtains better enhancement results, with less noise ath more
accurate detail recovery. In contrast, the other methods reover blurry images owing to noise interference in the
low-light images, and the recovered images still contain substantiahoise.

4.4 Evaluation using real-world low-light images

To evaluate the generalization ability of each deep LLIE model, real-wrld low-light images are evaluated. Because
of the lack of paired images for training, each deep model is trainedrothe LOL, LSRW, and RELLISUR datasets
with a Gaussian noise level = 10 and then tested on real low-light images. The visual results obained with
the LOL dataset are shown in Figuresl and 6. Figures 7 and 8 are the enhanced results using the LSRW and
RELLISUR datasets, respectively. RLED-Net handles the real-wald LLIE task better by e ectively removing noise
from the real images. More importantly, the developed method reains more detailed texture information, indicating
that it has stronger generalization ability to real cases. In contrast, the enhanced images obtained using the other
methods have much more noise and are still blurred owing to the noisa uence.

To quantify the robustness of the method, we use noise varianceotverify the performance of the di erent LLIE
methods for computational image enhancement. The results arerpsented in Table 3. RLED-Net has a lower
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Figure 7 (Color online) Comparison of LLIE methods using real-world noisy low-light images (with real noise), where RLED-Net is trained
on the LSRW dataset with noise level =10.
Figure 8 (Color online) Comparison of LLIE methods using real-world noisy low-light images (with real noise), where RLED-Net is trained
on the RELLISUR dataset with noise level = 10.

Figure 9 (Color online) Comparison of power spectral density for enh anced images obtained using di erent LLIE methods.

noise variance than the others, indicating that the resulting image ontains less noise. We also compare the power
spectral density of the di erent LLIE methods in Figure 9 to analyze the noise distribution and lighting conditions
in the frequency domain. The data in Figure 9 show that: (1) the energy in the low-frequency domain is lower for
RUAS, ZeroDCE++, EnlightenGAN, SCI, and DCC-Net, similar to that of the input low-light image, indicating
that the obtained images still contain some noise; (2) compared toliese methods, the energy in the low-frequency
domain is higher for LLFlow, SNR, and RLED-Net, indicating that the d etailed information in the restored images
is more accurate.
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Figure 10 (Color online) Visual comparison of results of applying RLE D-Net and enhancement + denoising methods to the noisy LOL da taset.

Table 4 Numerical PSNR and SSIM results for RLED-Net and enhancemen t + denoising methods applied to noisy LOL datasets, where th e
best results are highlighted in bold.

Evaluation Enhancement ! Denoising Denoising ! Enhancement
DCC-Net ! Restormer LLFlow ! Restormer Restormer ! DCC-Net Restormer ! LLFlow Ours
PSNR " 16.50 20.58 18.85 22.04 22.62
SSIM ™ 0.28 0.68 0.73 0.77 0.79

4.5 Comparison with enhancement + denoising methods

In this subsection, we compare the results obtained using RLED-Newith those obtained using the enhancement +
denoising methods. In the enhancement + denoising methods, we st apply enhancement followed by denoising, or
rst apply denoising followed by enhancement. Two LLIE methods (DCC-Net [22] and LLFlow [28]) and a denoising
method (Restormer [46]) are employed. The LOL dataset is used for the evaluations. Speccally, we train the
enhancement methods with paired low-light and normal images. To otain the noisy images for training Restormer,
we add Gaussian noise with noise level = 10 to the normal-light images. The results obtained by applying enhance-
ment and denoising to low-light images with noise level = 10 are shown in Table4, where Enhancement Denoising
indicates that we apply enhancement followed by denoising, and Dernsing! Enhancement means we apply denois-
ing followed by enhancement. The PSNR and SSIM obtained using RLEENet are still higher than those obtained
with the congeners. Visual results are presented in Figurd0, demonstrating that (1) enhancing the illumination
of the low-light image followed by denoising of the enhanced images (seFigures 10(b) and (d)) results in some
noise in the recovered images, and the denoising method cannot rewve this noise. This may cause a change in the
Gaussian noise distribution; (2) When Restormer is applied to the noig low-light images for denoising followed by
enhancement (see Figure40(c) and (e)), the recovered images are blurred. Because the n@sannot be completely
removed in low-light environments, it is ampli ed during the enhancement process, resulting in speckle noise and
blur.

4.6 Comparison of e ciency

Note that RLED-Net is a transformer-based network. To evaluate the e ciency of RLED-Net, three popular
Transformer-based methods, i.e., SNRZ1], Uformer [50], and Restormer §6], are employed for comparison. Specif-
ically, we calculate the parameters, FLOPs, and inference time usinga 3 256 256 tensor. An A100 GPU is
employed for the experiments. We also calculate the PSNR and SSIMsing the LOL dataset with noise level

= 10. The quantitative results are presented in Table 5, demonstrating that: (1) the parameters, FLOPs, and
inference time for RLED-Net are lower than for the congeners, fbowed by Restormer, which means RLED-Net is
more e cient; (2) the PSNR and SSIM of RLED-Net are still higher th an those of the congeners.

4.7 Ablation studies

We evaluate the impact of each component in RLED-Net on the nal performance metrics, i.e., LSRB, SAB,
CAB, and FRB. To demonstrate the e ectiveness of the structure design of LSRB, we remove the latent subspace
decomposition process and reserve the shallow feature extractio To prove the e ectiveness of the components SAB
and CAB in CST, we use them separately to construct the encoderslecoders while keeping the number of channels
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Table 5 Comparison of parameters, FLOPs, inference time, and PSNR/ SSIM, where the best results are highlighted in bold.
Test data Evaluation Ours SNR UFormer-B Restormer
Parameters (M) # 10.24 40.01 46.17 26.09
3 256 256 FLOPs (G) # 65.55 75.38 91.09 140.99
Time (s) # 0.14 0.35 0.75 0.15
LOL dataset PSNR/SSIM " 22.62/0.79 21.72/0.77 21.33/0.77 21.98/0.78
Figure 11 (Color online) Comparison of di erent components of the dev eloped model.
Table 6 Ablation study of RLED-Net on the LOL dataset with di erent c omponents, where the best results are highlighted in bold.

Evaluation W/o LSRB W/o SAB W/o CAB W/o FRB RLED-Net

PSNR " 22.15 2241 16.91 21.81 22.62

SSIM " 0.77 0.78 0.72 0.70 0.79

MAE # 7.98 7.35 15.51 18.33 7.25

Table 7 Ablation study of RLED-Net on the RELLISUR dataset with die rent components, where the best results are highlighted in b old.

Evaluation W/o LSRB W/o SAB W/o CAB Wi/o FRB RLED-Net

PSNR " 21.18 21.09 19.85 20.98 22.48

SSIM ™ 0.75 0.74 0.59 0.72 0.77

MAE # 8.28 8.94 10.68 12.95 6.48

unchanged. To evaluate the e ectiveness of FRB, we use a 3 3 convolution to replace it. In this study, LOL and
RELLISUR datasets with noise level =10 are used. The visual results obtained with the RELLISUR dataset are
presented in Figurellto demonstrate the e ectiveness of each component. W/o LSRB énotes RLED-Net without
LSRB; W/o SAB and W/o CAB denote the encoders-decoders withou SAB and CAB, respectively. W/o FRB
denotes RLED-Net without FRB. When LSRB or SAB is removed, someareas of the restored image are blurred
and become inaccurate because of noise. When CAB is removed, inditlon to a serious loss of details, there is a
relatively large color di erence in the result, which may be caused by he loss of the global information. When FRB
is removed, the restored images lose detailed information and exhibitolor di erences, indicating that FRB plays an
important role in the nal feature re nement. These results prov e that each component is bene cial for image-detail
recovery and is important for ensuring the performance of the deeloped method. The results of the quantitative
analysis are summarized in Table$ and 7. When CAB is removed, PSNR, SSIM, and MAE decrease to a greater
extent owing to the loss of some details and the large color di erence When LSRB or SAB is removed, PSNR,
SSIM, and MAE decrease slightly owing to the loss of details caused bgioise. The above visual and quantitative
results verify that each module of RLED-Net is important for low-light image restoration.

The designed LSRB module also involves selecting the rank of matricesThus, we evaluate this module using
the LOL dataset with noise level = 10 by varying the ranks of the decomposed matrix in small incremets. The
experimental results are summarized in Table8. When the rank is set to 7 or 9, the obtained results are better and
are only inferior to those when the rank is 8. This means the perforrance of the proposed method peaks at rank 8.
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Table 8 Performance on the LOL dataset with varying ranks of the deco mposed matrix in the LSRB module, where the best results are
highlighted in bold.

) Rank
Evaluation
2 4 6 7 8 9 10 12 14 16 32
PSNR " 21.25 21.37 22.12 22.45 22.62 22.58 22.41 22.23 21.89 21.87 20.42
SSIM ™ 0.78 0.78 0.78 0.79 0.79 0.79 0.79 0.79 0.78 0.79 0.78
MAE # 7.81 8.09 7.98 7.43 7.25 7.38 7.71 8.25 8.56 7.71 9.03

Figure 12 (Color online) Failed examples using RLED-Net.

4.8 Limitations of the proposed method

Although RLED-Net a ords promising results, its application to real low-light images with light sources reveals a
limitation, i.e., the enhancement process often overampli es bright aeas and ares, causing overexposure, as shown
in Figure 12. This occurs because the global brightness enhancement stragg fails to distinguish light sources from
dark regions. For future work, we will incorporate a light source deection module to locally control brightness and

a directional feature-extraction module to better preserve deails around light sources and suppress noise.

5 Concluding remarks

We explored the challenging task of seeing through the noisy dark inhe sRGB color space, and proposed a
real-world low-light enhancement and denoising network (RLED-Ne). To enable the model to generalize well to
real-world dark images, we designed a di erentiable latent subspaceeconstruction block by characterizing the
low-rank structures of images to remove redundant information ad noise. We also designed a CST layer with two
parallel branches. Based on this CST layer, CSTNet and a simple feate re nement block were built to reduce the
loss of global color/shape information and local edge/texture infemation caused by noise and low pixels, eventually
re ning the features. Extensive experiments on benchmark dataets demonstrate the e ectiveness of RLED-Net for
low-light enhancement and denoising, and the strong generalizatiombility to real low-light scenes. In the future,
we will explore more complex real-world LLIE tasks, for instance, LUE with extreme non-uniform light or rainy
nights.
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