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Abstract. Previous low-light image enhancement (LLIE) approaches,
while employing frequency decomposition techniques to address the in-
tertwined challenges of low frequency (e.g., illumination recovery) and
high frequency (e.g., noise reduction), primarily focused on the devel-
opment of dedicated and complex networks to achieve improved perfor-
mance. In contrast, we reveal that an advanced disentanglement paradigm
is sufficient to consistently enhance state-of-the-art methods with mini-
mal computational overhead. Leveraging the image Laplace decomposi-
tion scheme, we propose a novel low-frequency consistency method, facil-
itating improved frequency disentanglement optimization. Our method,
seamlessly integrating with various models such as CNNs, Transformers,
and flow-based and diffusion models, demonstrates remarkable adaptabil-
ity. Noteworthy improvements are showcased across five popular bench-
marks, with up to 7.68dB gains on PSNR achieved for six state-of-the-art
models. Impressively, our approach maintains efficiency with only 88K
extra parameters, setting a new standard in the challenging realm of low-
light image enhancement. https://github.com/redrock303/ADF-LLIE.

Keywords: Low-light Image Enhancement, Disentanglement Optimiza-
tion, Frequency Consistency

1 Introduction

Low-light image enhancement (LLIE) endeavors to enhance the quality and ex-
posure of photographs taken in dark environments. The state-of-the-art (SOTA)
LLIE methods [3, 11, 15, 25, 45, 51, 55] achieve remarkable progress by leverag-
ing advanced algorithms [13, 15, 45, 51] and various deep architectures [3, 55].
These models generally address the combined challenges of low-frequency ad-
justment and high-frequency restoration within a unified framework. However,
these two tasks exhibit distinct characteristics and differ from each other in sev-
eral aspects. For example, low-frequency adjustments can unintentionally am-
plify noise [50, 59], while high-frequency restoration may impact the recovery
of illumination intensity. Relying on a single, unified model presents significant
⋆ Equal contribution
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Fig. 1: (a) Illustration of predictions and corresponding frequency-disentangled compo-
nents. ‘SNR-De’ denote the improved version of SNR [51] by our method. Visualization
of the decoupled components shows that our method accurately recovers intensity in
the low-frequency domain and effectively denoises in the high-frequency domain (see
supplementary materials for more visual results). (b) Comparison between SOTA mod-
els and their improved versions on four representative benchmarks. It can be seen that
our method significantly improves six representative SOTA models. • and ⋆ denote
these baseline (SOTA) models and their enhanced version by our method, respectively.

challenges due to the complexities (combined low-frequency and high-frequency
enhancement) involved in the optimization processes. Consequently, this routine
may result in suboptimal outcomes, such as inaccurate illumination corrections
or residual noise artifacts, as illustrated in Fig. 1(a).

Given the challenges associated with coupled frequency optimization, a per-
tinent question arises: How can we devise a generic frequency disentanglement
paradigm capable of (1) seamlessly integrating with existing LLIE methods, (2)
enhancing their frequency restoration capabilities, and (3) requiring a minimal
additional model complexity (e.g., extra parameters, computational costs)? In
response to this query, we introduce a generic frequency disentanglement opti-
mization paradigm aimed at augmenting previous LLIE models.

Existing frequency decomposition learning schemes neglect the optimization
interaction of these distinct frequency components and require addressing the
combined degradations. In contrast, we take advantage of the image Laplace
pyramid and decompose images into different frequency bands. More impor-
tantly, we present a novel low-frequency consistency constraint to decompose
the complex combined restoration problem into two relatively simpler tasks,
namely coarse low-frequency adjustment and frequency decoupled restoration.

In the coarse low-frequency adjustment, we present a novel Adaptive Con-
volutional Composition Aggregation module (ACCA), focusing on challenges at
low frequency. In ACCA, we design a convolution-style spatial-channel attention
mechanism to perform effective content aggregation, largely reducing the overall
complexity. It outperforms Retinexformer [3] with a substantial 1dB margin in
PSNR on the LOL-v2 [52], which is 5.5% model size of Retinexformer (1.6M).

In our frequency decoupled restoration, we offer the Laplace Decoupled Restora-
tion Model (LDRM), which is mainly for high-frequency enhancement. By in-
troducing a novel low-frequency consistency term, LDRM vastly reduces the
complexity of optimization. As illustrated in Fig. 1 (b), our proposed approach
reports remarkable improvement over SOTA image enhancement models, includ-
ing MIR-Net [56], Restormer [55], LLFlow [45], SNR [51], Retinexformer [3] and
Diff-L [15], all achieved with only a marginal increase in computational costs
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(i.e., 88K parameters and 2.53GFLOPS for 256× 256 inputs in Tab. 2). Signifi-
cantly, our method notably enhances Restormer by an impressive 6.11dB, 7.68dB
in PSNR on the SDSD-in [43] and SDSD-out [43] benchmarks, respectively. In
Fig. 1(a) and Fig. 3, it is evident that our approach significantly improves the
visual quality of the restored predictions for SOTA models, effectively addressing
illumination degradation and mitigating artifacts.

In summary, our contributions are threefold:

Disentanglement learning. We introduce an effective decomposition learning
framework, yielding a significant improvement. This strategy achieves separate
optimization in the low-frequency and high-frequency domains while maintaining
low-frequency consistency between the two stages.
Efficient coarse adjustment. Our ACCA introduces adaptive spatial-channel
aggregation, resulting in SOTA low-frequency adjustment results. Remarkably,
it achieves competitive results while being parameter-efficient (Tab. 4).
Universal improvements over SOTA models. Leveraging our disentangle-
ment learning framework and lightweight coarse adjustment, we significantly im-
prove prevailing LLIE models both quantitatively and qualitatively. Meanwhile,
it allows effortless deployment of advanced low-frequency or high-frequency en-
hancement models as validated in Sec. 4.

2 Related Works

Traditional LLIE methods. Traditional low-light image enhancement meth-
ods have been extensively explored to improve the visibility and quality of images
captured under challenging lighting conditions. Histogram equalization [34] has
been widely employed to enhance contrast, but it tends to amplify noise and
lacks local adaptability. On the other hand, Retinex-based methods [7, 16] have
aimed to separate reflectance and illumination components, but they often strug-
gle with low-light scenarios, leading to over-enhancement and unrealistic results.
Contrast-limited Adaptive Histogram Equalization (CLAHE) [35] attempts to
address local contrast enhancement, but it may introduce halos around sharp
edges, causing distortions and unnatural-looking enhancements.
Deep LLIE models. Deep learning-based methods [10, 14, 18, 19, 29–31, 36,
38, 40, 47, 48, 53] have gained significant attention for low-light image enhance-
ment, aiming to tackle the challenges of both lighting improvement and denoising
through a unified framework. Retinex-Net [47] combines the benefits of tradi-
tional Retinex algorithms with convolutional neural networks (CNNs). It utilizes
a multi-scale architecture to decompose the input low-light image into illumi-
nation and reflectance components. MIRNet [56] utilizes a multi-scale architec-
ture to capture and distill information at different levels. On the other hand,
transformer-based architectures [6, 19, 33, 40, 51, 55, 58, 60] have dominated the
LLIE field with impressive performance. For example, Star [58] uses a lightweight
transformer to learn coarse image structure information for image enhancement.
More recently, Retinexformer [3] presents a one-stage Retinex-based transformer



4 K. Zhou et al.

for enhancing low-light images. These transformer-based models are generally
good at long-range correlation modeling but require high computational costs.
Decomposition-based LLIE. There are two primary categories of decomposed
LLIE methods [8,12,25,25,50]. First, frequency-based image restoration has gar-
nered significant attention, particularly within the LLIE field. Xu et al . [50]
propose a two-stage enhancement pipeline for low-light image enhancement,
where they introduce a unified framework to optimize the main backbone mod-
ule across both stages. Secondly, Retinex-based approaches represent low-light
and normal-light images using two key components: reflectance and illumination
layers. These methods estimate the reflectance as the predicted enhancement
result. Hao et al . [12] present a semi-decoupled learning method to restore both
layers using different optimization terms. RFR [8] introduces a self-knowledge
distillation method for Retinex decomposition based on contrastive learning.

In summary, lots of frequency-based decomposition models have explored
various techniques for LLIE. Though they explicitly decompose images into dif-
ferent frequency bands, they do not decouple the optimization process of low-
frequency and high-frequency components. In contrast, our decoupled frequency
restoration framework, featuring a new low-frequency consistent loss, establishes
a universal decoupled enhancement paradigm that enhances various baselines.

3 Method

As mentioned previously, LLIE aims to address issues of coupled low-frequency
(e.g., illumination recovery) and high-frequency (e.g., noise reduction) enhance-
ment. Different from existing LLIE models utilizing a unified solution to handle
diverse (combined) conditions, our research delves into the potential advantages
of a decomposition learning strategy for image enhancement.

Based on the observation that enhancement in the low-frequency domain re-
ports a greater impact and thus encourages lightweight structures to favor coarse
learning, we design a lightweight coarse adjustment mainly for low-frequency
degradation (Sec. 3.2) and a consistent coarse-to-fine (C2F) restoration (Sec. 3.3)
principally for high-frequency issues, as illustrated in Fig. 2. Initially, we present
the Adaptive Convolutional Composition Aggregation module (ACCA) to pro-
vide coarse adjustments, primarily focusing on illumination recovery. Following
this, we utilize the Laplace Decoupled Restoration Model (LDRM) to separate
the coarse results and original inputs into multi-scale high and low-frequency
maps. It’s worth noting that LDRM seamlessly integrates with state-of-the-art
LLIE models with minimal redesign. Lastly, our proposed low-frequency consis-
tent supervision ensures efficient decomposition learning.

3.1 Overview

Our goal is to recover a high-quality output image Ic from a low-light noisy
image I. In general, we disentangle the prevailing coupled optimization into
coarse phase and coarse-to-fine phase. During the coarse adjustment, we employ
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Fig. 2: Overview of our proposed frequency disentanglement learning framework. It
consists of two phases: (1) coarse phase: ACCA conducts coarse adjustment to initially
enhance the input image I and produce the preliminary result Il, and (2) coarse-to-fine
phase: LDRM integrates Laplace representations (M,Ml from the I, Il) for subsequent
fine-grained restoration. Additionally, a low-frequency consistent loss Li (Eq. 5) be-
tween the two phases is introduced to achieve effective disentanglement optimization.

the ACCA module to mainly recover the low-frequency information in the image
I, obtaining the roughly enhanced results Il that usually have better brightness:

Il = fl(I, θl), (1)

where θl is the learnable parameters of the ACCA module.
Subsequently, we proceed to the coarse-to-fine phase. In this stage, with our

primary emphasis on the high-frequency domain, we propose a Laplace decoupled
representation to separate low-frequency and high-frequency maps from both the
original input I and the coarsely recovered image Il:

M = Lap(I),Ml = Lap(Il), (2)

where M = [m1,m2, · · · ,mK ],Ml = [m1
l ,m

2
l , · · · ,mK

l ] refers to the decomposed
maps of I, Il, and K is the pyramid level. The coarsest feature map mK ,mK

l

generally contains the most low-frequency information of the images I and Il,
while the other feature maps {m1, · · ·mK−1,m1

l , · · ·m
K−1
l } capture the higher-

frequency nuances. Following an upsampling operation on all the K − 1 low-
resolution maps, we stack all of these maps alone with the channel dimension:

Ms = Stack[m1,Up(m2), · · · ,Up(mK),m1
l ,Up(m2

l ), · · · ,Up(mK
l )], (3)

where “Up” means bilinear up-sampling to up-scale all the low-resolution maps
to the same size with the first map m1. Finally, Our proposed LDRM takes
the stacked maps Ms as input and restores the enhanced Laplace maps Md =
[m1

d,m
2
d, · · · ,mK

d ]:
Md = fd(Ms, θd), (4)
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where θd is the learnable parameter of LDRM. To build effective supervision,
we first use the reconstruction loss Lr to guide the multi-scale predictions Md

closer to corresponding decomposed maps of ground truth Mgt obtained by the
same Laplace decouple pipeline. In addition, we also introduce a low-frequency
consistent supervision Li to effectively decompose the coarse low-frequency ad-
justment and high-frequency refine learning. The overall loss of LDRM is:

Ltotal = Lr + α ∗ Li, Lr =

K∑
i=1

(||mi
d −mi

gt||11), Li = ||mK
d −mK

l ||11, (5)

where α is the scale factor to balance these two loss terms, and || · ||11 refers to
ℓ1-norm. In the next section, we will explain ACCA for the coarse learning phase
and Laplace decomposition schemes for coarse-to-fine restoration, respectively.

3.2 ACCA for Coarse Adjustment

Framework overview. Inspired by [6], we utilize a hybrid dual-branch neu-
ral network aimed at regressing both global and local low-frequency adjustment
parameters. As shown in Fig. 2, our proposed Adaptive Convolutional Compo-
sition Aggregation (ACCA) is composed of two branches. In the local branch,
we first employ a convolution layer to get a corresponding deep image feature of
the input image. Subsequently, two parallel Window-based Convolutional Com-
position Attention blocks (W-CCA) are developed to regress two local trans-
formation factor maps {Al, Bl}, where Al ∈ R{H×W×3} is a scale amplification
map and Bl ∈ R{H×W×3} is a linear compensation map. The result of local
parameters adjustment is calculated as:

I locall = Al ⊙ I ⊕Bl, (6)

where ⊙ refers to element-wise multiplication and ⊕ means the element-wise
addition. Simultaneously, we also adopt a global ISP (Image Signal Process-
ing) branch1 that employs a transformer-based framework, achieving a global
enhancement for the locally adjusted result:

Il = (Ag ⊗ I locall )Bg , (7)

where Ag, Bg are the predicted colour matrix and gamma adjustment parameters
and ⊗ is the matrix multiplication.
W-CCA. Exiting studies [41, 42] have proved the importance of both spatial
and channel aggregation for some low-level tasks, including denoising, super-
resolution, deblurring, colorization, etc. However, performing spatial-channel fu-
sion encounters challenges due to the high computational demands. To tackle
this issue, we introduce a novel window-based convolutional composition method
for efficient local enhancement.
1 The structure of our global branch is illustrated in our supplementary material.
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Given a 2D image feature F , we first employ a stridden convolutional layer
to split F into several non-overlapped image patches: P = Conv(F, s, s).

Conv(·) denotes a grouped convolution with group size and stride size s. As
a result, F is partitioned into N = H × W/s2 patches P = [p1, p2, · · · , pN ].
For n-th divided image patch pn ∈ R{s×s×C}, where C represents the channel
dimension and s denotes the window size. Then we perform Omni aggregation
using a 3D similarity map on ∈ R{s×s×C}:

p̂n = on ⊙ pn. (8)

Instead of directly regressing the corresponding 3D Omni similarity map on,
we employ the tensor composition technique [21, 22, 49] to produce on by three
regressed 1D tensors:

on = fh
n ⊚ fw

n ⊚ f c
n. (9)

The terms fh
n and fw

n represent two separable tensors in 2D space, specifically
referring to the height and width dimensions. The operation ⊚ denotes the com-
position of these tensors. Additionally, the term f c

n represents a 1D tensor that
is used to establish correlations along the channel dimension. Towards a lower
computational cost and pixel-adaptive aggregation, as depicted in Fig. 2, triple
convolutions with a stride of s are utilized to regress the three separable kernels:

f{h,w,c}
n = Conv{h,w,c}(pn, s, s). (10)

To summarize, we derive 3D Omni similarity maps by Eq. 9 and perform Omni
similarity aggregation by Eq. 8.
Complexity analysis of W-CCA. In this part, we will show the significant
reduction in computational resource consumption achieved by W-CCA. As can
be seen in the last paragraphs, we employ a stridden convolution layer to split
an input image feature F into Mh ×Mw image patches2. To further reduce the
parameter count, we implement a group-wise convolution with a group size of s
and a kernel size of s×s. The total computational complexity of a single W-CCA
is determined by the cumulative sum of operations in Eq. 8, Eq. 9, Eq. 10 and
the first stridden convolution:

O(W-CCA) = 4HWC + 2HWC2/s . (11)

A more detailed complexity analysis is reported in supplementary material.
From the Eq. 11, we can see the complexity of our proposed W-CCA is

linearly increased with the image resolution H and W .

3.3 LDRM for Consistent C2F Restoration

In the Laplace Decoupled Restoration Model (LDRM), we re-design SOTA ex-
isting LLIE models by integrating Laplace representation (also known as Laplace

2 Mh = H/s,Mw = W/s, H ×W is the feature resolution.
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pyramid [1,2,23,24]) for subsequent effective fine-grained enhancement. In gen-
eral, we only modify the first and last convolutional layers to employ our Laplace
pyramid representation, dissecting a given image into multi-scale high-frequency
components and a low-frequency part.

To begin with, we first utilize a Laplace pyramid decomposition layer to
obtain multi-scale image maps from both input image I and the coarse enhanced
result Il. Taking the input image I for illustration, we follow [2] and obtain the
Gaussian pyramid:

IkG =

{
g ∗ I ; if k = 1

g ∗ resize(IkG, ↓ 2); if k > 1
(12)

where g(·) refers to a s×s Gaussian kernel, ∗ means the convolutional operation
and ‘resize’ is a bilinear interpolation. Then, We derive a Laplacian pyramid by
computing the difference between two neighboring Gaussian maps:

mk =


I − IkG ; if k = 1

resize(Ik−1
G , ↓ 2)− IkG ; ifK > k > 1

resize(Ik−1
G , ↓ 2); if k = K

(13)

As shown in Eq. 13, the high-frequency components are produced by the DoG (Dif-
ference of Gaussians).

After that, all these decomposed Laplace maps are stacked and fed into our
LDRM to generate the corresponding restored Laplace maps. The final recon-
structed output is obtained by inverse Laplace transformation:

m̂k =

{
mK ; if k = K

mk + resize(mk+1, ↑ 2); otherwise
(14)

where m̂1 is the final reconstructed image, and the inverse Laplace decouple is
performed in reverse order, from m̂K to m̂1. Note that we set K = 4 in our
work, for it outperforms other K settings.

4 Experiments

4.1 Settings

Datasets. We evaluate our approach on several datasets for low-light image en-
hancement, including LOL-v2 [52], SID [4], SDSD [43] (both indoor and outdoor
parts), and SMID [5]. LOL-v2 dataset: we specifically focus on its real subset,
which presents challenging low-light conditions and noise degradations. This sub-
set comprises 689 training samples and 100 testing samples. SID dataset: we uti-
lize 2099 images for training, while the remaining 598 image pairs are reserved for
evaluation. SDSD-in/SDSD-out datasets: these datasets consist of static indoor
and outdoor scenes captured in various environments. SMID dataset: it contains
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Table 1: Quantitative results (PSNR (dB)/SSIM) on five challenging LLIE bench-
marks. ‘-De’ refers to the enhanced version of our proposed approach and ‘Improve.’
refers to the improvements attained by our method compared to the six baselines.

Method LOL-v2 SID SDSD-in SDSD-out SMID
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

MIR-Net [56] 20.02/0.820 20.84/0.605 24.38/0.864 27.13/0.837 25.66/0.762
MIR-Net-De 24.19/0.882 24.18/0.682 28.14/0.900 29.45/0.884 29.27/0.822
Improve. +4.17/+0.062 +3.34/+0.075 +3.76/+0.036 +2.32/+0.047 +1.16/+0.072
Restormer [55] 19.94/0.827 22.27/0.649 25.67/0.827 24.79/0.802 26.97/0.758
Restormer-De 24.56/0.893 24.76/0.694 31.78/0.918 32.47/0.904 29.11 /0.816
Improve. +4.62/+0.066 +2.49/+0.045 +6.11/+0.091 +7.68/+0.102 +2.14/+0.058
LLFlow [45] 26.20/0.888 21.72/0.618 26.51/0.883 26.02/0.859 27.84/0.803
LLFlow-De 28.90/0.908 24.64/0.682 31.60/0.917 34.58/0.916 29.37/0.820
Improve. +1.70/+0.020 +2.92/+0.064 +5.09/+0.034 +8.83/+0.057 +1.53/+0.017
SNR [51] 21.48/0.849 22.87/0.625 29.44/0.894 28.66/0.866 28.49/0.805
SNR-De 24.00/0.872 23.55/0.667 30.31/0.901 31.98/0.897 30.48/0.822
Improve. +2.52/+0.023 +0.68/+0.042 +0.87/+0.007 +3.32/+0.031 +1.99/+0.017
Retinexformer [3] 22.80/0.840 24.44/0.680 29.77/0.896 29.49/0.877 29.15/0.815
Retinexformer-De 24.21/0.881 24.64/0.694 30.54/0.909 33.16/0.905 30.85 /0.828
Improve. +1.41/+0.041 +0.20/+0.014 +0.77/+0.013 +3.67/+0.028 +1.70/+0.013
Diff-L [15] 18.95/0.722 21.45/0.571 23.93/0.836 24.19/0.832 27.57/0.783
Diff-L-De 23.93/0.853 23.48/0.675 28.73/0.867 28.33/0.888 28.88/0.817
Improve. +4.98/+0.081 +2.03/+0.104 +4.80/+0.031 +4.14/+0.056 +1.31/+0.034

static scenes captured in outdoor environments. We follow previous SOTA meth-
ods and train/evaluate various baseline models and their counterparts (with our
disentanglement optimization) on the training part of each dataset, ensuring the
fairness comparison and evaluation.

Table 2: We present comprehensive details regarding model complexities, including
parameters, GFLOPS, and inference time. Consistent with [3], we assess GFLOPS and
inference time using an input size of 256× 256, utilizing an NVIDIA-RTX 3090 GPU.
It’s worth highlighting that our framework (denoted as ‘w/ ours’) entails only 0.2%-
5.5% additional parameters for enhancing the state-of-the-art LLIE models.

Methods MIR-Net Restormer LLFlow SNR Retinexformer Diff-L w/ ours
Param.(M) 31.79 26.13 37.68 39.12 1.61 22.08 +0.088
GFLOPS 785 144.25 287 26.35 15.57 88.92 +2.53
Speed(s) 0.205 0.104 0.267 0.039 0.079 0.227 +0.008

Evaluation metrics. Following the evaluation of most LLIE approaches [3,
51, 55, 56], we assess the effectiveness of our method using the PSNR(↑) (Peak
Signal-to-Noise Ratio) and SSIM [46](↑) (Structural Similarity Index Measure)
metrics. Higher values indicate better results.
Implementation details. Our framework is implemented in PyTorch [32]. We
use common data augmentation techniques, including random cropping, verti-
cal/horizontal flipping, and rotation. The Adam [20] optimizer and cosine an-
nealing scheme [28] dynamically adjust the learning rate from 5× 10−4 to 0. We
initially train the ACCA module for 100 epochs on a single NVIDIA RTX 3090
GPU. Then, we freeze the ACCA weights and train the LDRM for 40K itera-
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tions on two NVIDIA RTX 3090 GPUs. The batch sizes are set to 1 (ACCA)
and 32 (LDRM), respectively. All original baseline models and their correspond-
ing LDRMs are trained from scratch . To achieve decoupled high-frequency
restoration, we propose a novel low-frequency consistent loss in our coarse-to-
fine enhancement, as illustrated in Eq. 5. Following IAT [6], the ACCA module
is trained using L1 loss and VGG perceptual loss [17].

4.2 Improvement over SOTA LLIE Models

We conduct extensive experiments to assess our frequency-based disentangle-
ment optimization. We integrate our learning strategy on six SOTA LLIE mod-
els: MIR-Net [56], Restormer [55], LLFlow [45], SNR [51], Retinexformer [3] and
Diff-L [15], which serve as our baseline models. The modified versions of these
models, equipped with our strategy, are denoted as MIR-Net-De, Restormer-De,
LLFlow-De, SNR-De, Retinexformer-De, and Diff-L-De, respectively.
Quantitative comparison. Tab. 1 presents a quantitative comparison between
the six baseline models and their enhanced counterparts using our disentangle-
ment learning approach. It clearly demonstrates that our algorithm significantly
improves the performance of all baseline models across all six benchmarks. No-
tably, our method achieves a remarkable enhancement of up to 7.68dB (31%
improvement) for Restormer [55] on the SDSD-out benchmark. When evalu-
ated on the same dataset, our approach showcases a substantial improvement,
surpassing Restormer [55] by over 0.1 in terms of SSIM. This improvement high-
lights the exceptional restoration of our proposed LDRM in the high-frequency
domain. Moreover, our decomposition representation leads to universal improve-
ments for all popular frameworks, including CNNs, Transformers, flow-based,
and diffusion-based methods. Even MIR-Net [55], an early SOTA LLIE model,
achieves top-ranked results when enhanced with our algorithm.

Furthermore, we report the model complexity of these six LLIE models and
the extra cost introduced by our approach. The results in Tab. 2 indicate that
the re-designed models require only an additional 0.2% to 5% in terms of model
parameters and FLOPS, demonstrating the efficiency of our method.

Table 3: Quantitative comparison (PSNR (dB)/SSIM) between our proposed fre-
quency disentanglement scheme and segmentation-guided LLIE strategy [54]. * means
segmentation information is required. Note that ‘+’ (‘-’) highlighted in red (green) de-
notes performance improvement (reduction).

LOL-v2 SNR SNR-SKF∗ SNR-De LLFlow LLFlow-SKF∗ LLFlow-De
PSNR ↑ 21.48 21.93(+0.45) 24.00(+2.52) 26.20 28.45(+2.25) 28.90(+2.70)
SSIM ↑ 0.849 0.845(-0.006) 0.872(+0.023) 0.888 0.905(+0.017) 0.908(+0.020)
Param.(M) 39.12 39.44(+0.32) 39.21(+0.088) 37.68 39.91(+2.23) 37.77(+0.088)

Comparison with segmentation guided LLIE. In previous arts, Wu et
al . [54] explored utilizing semantic prior for guidance LLIE (named as “SKF"),
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Table 4: Quantitative comparison between ACCA and other SOTA LLIE models on
LOL-v2 [52] benchmark. The best and second-best results are highlighted in red and
blue, respectively. We test the inference speed (FPS: Frames Per Second) with an
input size of 256× 256 on an NVIDIA RTX 3090 GPU.

Method Venue PSNR ↑ SSIM ↑ Params. ↓ FPS ↑
ZeroDCE [11] CVPR 2020 17.63 0.617 0.079M 62.50
Star [58] ICCV 2021 18.26 0.546 0.027M 58.82
IAT [6] BMVC 2022 23.50 0.824 0.091M 45.45
PairLIE [9] CVPR 2023 18.80 0.721 0.342M 55.56
ACCA (Ours) ECCV 2024 23.80 0.829 0.088M 125
MIR-Net [56] ECCV 2020 20.02 0.820 31.79M 4.87
MIR-Net-v2 [57] T-PAMI 2022 21.10 0.821 5.86M 15.6
Restormer [55] CVPR 2022 19.94 0.827 26.13M 9.62
SNR [51] CVPR 2022 21.48 0.849 39.12M 83.33
Retinexformer [3] ICCV 2023 22.80 0.840 1.61M 27.03
LLformer [44] AAAI 2023 20.69 0.759 24.55M 8.85
Diff-L [15] Sig. Asia 2023 18.96 0.723 22.08M 4.41

Table 5: Improvements over Restormer [55] when integrating existing fast LLIE models
and our proposed ACCA into our disentanglement learning framework.

Method Restormer w/ ZeroDCE w/ Star w/ PairLIE w/ IAT w/ ACCA
(Baseline) & Li & Li & Li & Li & Li

PSNR (dB) 19.94 21.53 22.40 22.36 23.97 24.56
PSNR Gain - +1.59 +2.46 +2.42 +4.03 +4.62
SSIM 0.827 0.861 0.866 0.860 0.887 0.893
SSIM Gain - +0.034 +0.039 +0.033 +0.060 +0.066

leading to improved performance with SOTA LLIE methods. Different from
their works, we present a decoupled optimization scheme to enhance existing
approaches. The detailed comparisons between SKF and ours are presented in
Table 3. It is clear that our proposed method attains superior improvements
than SKF, with fewer extra model complexities. It is noted that our method
does not require segmentation information.

Effectiveness of ACCA. In this study, we propose an efficient Adaptive Con-
volutional Composition Aggregation (ACCA) for coarse adjustment. To assess
the effectiveness of ACCA, we quantitatively compare it with state-of-the-art
LLIE models (lightweight models: ZeroDCE [11], Star [37], IAT [6], PairLIE [9];
large models: MIR-Net [56], MIR-Net-v2 [57], Restormer [55], SNR [51], Retinex-
former [3]), LLformer [44] and Diff-L [15] on the LOL-V2. From the results in
Tab. 4, it is evident that ACCA surpasses both lightweight and parameter-
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Input MIR-Net MIR-Net-De GT Input Restormer Restormer-De GT

Input LLFlow LLFlow-De GT Input SNR SNR-De GT

Input Retinxformer Retinxformer-De GT Input Diff-L Diff-L-De GT

Fig. 3: Qualitative evaluation on several benchmarks. Our integration provides ac-
curate outcomes for both high-frequency (clearer image detail restoration) and low-
frequency (more accurate illumination recovery) areas.

Ba
se

lin
e

O
ur

s 
w

/o
 𝐿
!

O
ur

s 
w

 𝐿
!

G
T

Low-frequency High-frequency Output/GT

24.21

24.56

23.99 23.93

23.8
23.9
24.0
24.1
24.2
24.3
24.4
24.5
24.6

3 4 5 6

20.78
21.68

24.56

24.16
24.12

20.7
21.2
21.7
22.2
22.7
23.2
23.7
24.2
24.7

0.01 0.5 1 5 10

0.886

0.893

0.872 0.873
0.87

0.88

0.88

0.89

0.89

0.90

3 4 5 6

0.822

0.876

0.893

0.877
0.876

0.82
0.83
0.84
0.85
0.86
0.87
0.88
0.89
0.90

0.01 0.5 1 5 10

PS
N
R(
dB
)

(a)

PS
N
R(
dB
)

(b.1) (b.2)

(c.1) (c.2)

( )a( )a

( )K ( )K

SS
IM

SS
IM

Fig. 4: (a) Visual validation of our disentanglement learning. (b-c) Impact of adopting
different settings in our method: (b.1-2) different pyramid levels (K) in Laplace repre-
sentation; (c.1-2) different α values to conduct low-frequency consistent supervision.

intensity LLIE methods in terms of PSNR and achieves competitive SSIM value
compared with larger LLIE models, highlighting its superior performance.
Integration of other coarse models. We integrate lightweight LLIE meth-
ods—Star, ZeroDCE, PairLIE, and IAT—into our disentanglement learning frame-
work to replace ACCA. The results in Tab. 5 show that these models signifi-
cantly enhance the SOTA LLIE method, Restormer. Notably, IAT [6] improves
Restormer by 4.03dB in PSNR and 0.06 in SSIM, demonstrating the effectiveness
of our disentanglement strategy. This experiment underscores our framework’s
flexibility, allowing seamless integration of existing coarse adjustment algorithms.
Qualitative comparison. The qualitative comparisons are depicted in Fig. 3.
It is evident that the SOTA models, primarily providing uniformly coupled op-
timization solutions, struggle to restore illumination and eliminate noise effec-
tively. In contrast, with the integration of our strategy, they are capable of
yielding more accurate outcomes with improved image details and fewer arti-
facts. More visual results are shown in our supplementary materials.
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Table 6: Effectiveness of our ACCA and Li.

Model Restormer ACCA Li PSNR/SSIM Param./FLOPS
Baseline ✓ 19.94/0.827 26.13M/144.25G
Ours w/o Li ✓ ✓ 20.21/0.837 26.22M/146.78G
Ours w/ Li ✓ ✓ ✓ 24.56/0.893 26.22M/146.78G

4.3 Ablation Studies

To verify the effectiveness of our proposed disentanglement learning scheme and
ACCA, we conduct a comprehensive ablation analysis on the LOL-v2 dataset.
Note that Restormer [55] is chosen as our baseline model.
Impacts of our designs. Compared to existing unified frameworks in SOTA
LLIE methods, we propose a universal frequency-based disentanglement model
and an efficient ACCA module for consistent coarse-to-fine enhancement. To
evaluate our designs, we follow a systematic procedure, as shown in Tab. 6.
First, we train a baseline model with the original unified framework. Next, we
introduce the ACCA and LDRM modules, ablating the low-frequency consistent
constraint between them. Finally, we train our full model with the proposed
low-frequency consistency constraint. The results in Tab. 6 and Fig. 4(a) show
that both the ACCA module and the disentanglement algorithm enhance perfor-
mance. However, our full framework without the low-frequency consistent loss Li

only improves by 0.27dB over the baseline, highlighting the challenges of unified
enhancement. Additionally, our designs require minimal computational demand
while significantly outperforming the baseline method.
Pyramid levels (K) in eq. 13. In LDRM, we introduce an image Laplace
representation method to decompose images into high- and low-frequency com-
ponents, using four pyramid levels by default. To explore the impact of different
pyramid levels, we train additional models with 3, 5, and 6 levels. The results in
Fig. 4 (b.1-2) show that our default setting provides the best performance.
Why not end-to-end? As previously discussed, prior approaches may en-
counter challenges in optimizing low-frequency and high-frequency components
simultaneously, possibly resulting in suboptimal outcomes. To validate our claim,
we conduct experiments using six baselines, training their enhanced versions with
two different optimization strategies: (1) an end-to-end training scheme (where
the ACCA’s weights are not frozen) and (2) freezing the weights of the ACCA
(our default decoupled optimization). From Tab. 7, we can see that our decoupled
optimization scheme consistently performs better than end-to-end learning.

Table 7: Quantitative comparison between two different optimization schemes.

Baseline Retinexformer Restormer MIRNet SNR LLFlow Diff-L
End-to-end 24.13/0.878 24.27/0.885 24.05/0.880 23.82/0.864 27.94/0.896 23.90/0.847
Ours 24.21/0.881 24.56/0.893 24.19/0.882 24.00/0.872 28.90/0.908 23.93/0.853
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Different α values in Eq. 5. For decoupled frequency optimization, we intro-
duce a novel low-frequency consistent supervision. By default, we set the value
of α to 1.0, which balances both the reconstruction and low-frequency consis-
tent loss. In this experiment, we further explore the impact of different α values
on the training of our LDRM. The quantitative results shown in Fig. 4(c.1-2)
demonstrate that an appropriate value of α leads to improved performance.

4.4 Limitation and future work.

While our frequency disentanglement optimization demonstrates significant en-
hancement over current state-of-the-art LLIE methods, it is confined to gener-
ating high-quality details that may be severely corrupted in the inputs. In the
future, we intend to explore the incorporation of generative methods (such as
Stable Diffusion models) into our framework.

5 Conclusion

In this study, we propose a novel framework for disentanglement learning in
low-light image enhancement. Our approach involves explicitly decoupling the
challenging LLIE problem into coarse low-frequency adjustment and fine high-
frequency restoration tasks. To accomplish this, we introduce ACCA, a lightweight
coarse adjustment module, that utilizes an efficient convolution composition
module to achieve adaptive spatial-channel aggregation. Additionally, we develop
LDRM by incorporating minimal re-designed SOTA LLIE methods. To ensure
effective frequency decomposition, we introduce a low-frequency consistent loss
for decoupled high-frequency restoration. Through comprehensive experiments,
we demonstrate that our method significantly improves existing LLIE meth-
ods with minimal additional computational costs (88K learnable parameters,
2.53GFLOPS for 256× 256 images).
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