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Abstract

Current dark image restoration methods suffer from severe
efficiency bottlenecks, primarily stemming from: computa-
tional burden and error correction costs associated with re-
liance on external priors (manual or cross-modal); redundant
operations in complex multi-stage enhancement pipelines;
and indiscriminate processing across frequency components
in frequency-domain methods, leading to excessive global
computational demands. To address these challenges, we
propose an Efficient Self-Mining Prior-Guided Joint Fre-
quency Enhancement Network (SPJFNet). Specifically, we
first introduce a Self-Mining Guidance Module (SMGM)
that generates lightweight endogenous guidance directly from
the network, eliminating dependence on external priors and
thereby bypassing error correction overhead while improv-
ing inference speed. Second, through meticulous analysis of
different frequency domain characteristics, we reconstruct
and compress multi-level operation chains into a single ef-
ficient operation via lossless wavelet decomposition and joint
Fourier-based advantageous frequency enhancement, signif-
icantly reducing parameters. Building upon this founda-
tion, we propose a Dual-Frequency Guidance Framework
(DFGF) that strategically deploys specialized high/low fre-
quency branches (wavelet-domain high-frequency enhance-
ment and Fourier-domain low-frequency restoration), de-
coupling frequency processing to substantially reduce com-
putational complexity. Rigorous evaluation across multiple
benchmarks demonstrates that SPJFNet not only surpasses
state-of-the-art performance but also achieves significant effi-
ciency improvements, substantially reducing model complex-
ity and computational overhead.

Code — https://github.com/bywlzts/SPJFNet

Introduction

Images taken in dark conditions often suffer from insuf-
ficient illumination, degrading visual quality and hinder-
ing downstream vision applications like autonomous driv-
ing and object detection (Du, Shi, and Deng 2024; Li et al.
2024; Zhao et al. 2025; Guo et al. 2026; Yu et al. 2025;
Xiao et al. 2025). With the rise of deep learning, learning-
based methods (Cai et al. 2023; Zhang et al. 2025a; Gu et al.
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Figure 1: SSIM vs. Computation overhead. The area of each
bubble represents the number of parameters.

2025) have surpassed traditional approaches but often come
with high computational complexity. Given the limited cues
in extremely dark images, many methods (Wu et al. 2023;
Zhang et al. 2024; Zou et al. 2024b) introduce pre-trained
models or additional prediction networks to generate modal
priors. However, pretrained models and the predictive net-
work are likely to suffer from generalization issues, resulting
in accumulated errors and high computational overhead.

Recently, Fourier-based methods (Huang et al. 2022; Li
etal. 2023; Zhang et al. 2024; Feijoo et al. 2025) have gained
significant attention due to their efficiency in image restora-
tion tasks. FourLLIE (Wang, Wu, and Zhi 2023) demon-
strated that Fourier domain processing can handle global in-
formation as effectively as transformer while significantly
reducing parameter overhead by replacing transformer lay-
ers in SNR-Aware (Xu et al. 2022). However, the global
nature of the Fourier transform (where spatial locality is
not preserved) means that downsampling critically damages
high-frequency details essential for restoration. This com-
pels Fourier-based methods to maintain full spatial resolu-
tion, inevitably forcing a sacrifice in channel dimensions
to contain model complexity, thereby restricting the expres-
sive capacity of the model’s feature space. Wavelet trans-
form (Zou et al. 2024a; Jiang et al. 2023; Zhang et al. 2025a)
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Figure 2: Motivation analysis.(a) Three approaches for prior generation: introducing pre-trained models to generate modal
priors, adding prediction networks to predict modal priors, and self-mining priors from the image itself; (b) SSIM and PSNR
computed between images after three rounds of down-and-up sampling and the original image, showing that wavelet sampling
achieves lossless sampling; (c) Low-frequency information from wavelet transform requires sophisticated model processing,
while amplitude and phase in the Fourier domain can be efficiently processed through compact structures.

represents another common frequency domain transforma-
tion in LLIE, capable of effectively separating content from
noise. However, the low-frequency subbands retain tightly
coupled spatial and frequency information, particularly con-
taining both the dominant image content and low-frequency
distortions/noise. This residual complexity, akin to a de-
graded version of the original image, necessitates sophis-
ticated processing modules to effectively decouple content
from corruption, offsetting the efficiency gains from wavelet
decomposition.

Based on the limitations, we present our motivations:

First, as shown in Fig. 2(a), there are two primary ap-
proaches for introducing prior clues in dark image restora-
tion. The first approach utilizes pre-trained models to gen-
erate modal priors, where DMFourLLIE (Zhang et al. 2024)
leverages pre-trained models to generate infrared and depth
map modal priors for enhanced guidance of phase compo-
nent recovery, but neglects the generalization error issues
introduced by pre-trained models. The second approach in-
troduces prediction modules to generate priors, where SMG-
LLE (Xu, Wang, and Lu 2023) designs a dedicated module
to generate structural priors, but the predicted results are im-
precise and introduce substantial additional overhead. This
raises the question: How can we efficiently and accurately
mine high-quality endogenous priors?

Second, as shown in Fig. 2(b), compared to conventional
sampling, wavelet sampling possesses the advantage of loss-
less sampling. However, as shown in Fig. 2(c), the low-
frequency subbands of wavelets retain tightly coupled spa-
tial and frequency information that closely resembles the
original image (Jiang et al. 2023), still necessitating complex
network architectures. In contrast, the Fourier domain can
effectively handle these low-frequency components through
compact structures, such as simple convolutional activa-
tions (Wang, Wu, and Zhi 2023). Therefore, the question
arises: How can we combine Fourier and wavelet trans-
Jorms to leverage their respective advantages?

Motivated by the aforementioned questions, we pro-
pose an efficient Self-Mining Prior-Guided Joint Frequency
Enhancement Network (SPJFNet). First, we utilize loss-
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less wavelet downsampling to reduce images to a lower-
resolution space, thereby reducing computational overhead.
In this lower-resolution space, we develop a Self-Mining
Guidance Module (SMGM), which consists of a lightweight
gamma enhancement network that mines the image’s in-
trinsic gradient information to generate high-quality en-
dogenous priors. Subsequently, we introduce a Dual Fre-
quency Guidance Framework (DFGF) that strategically ex-
ploits the complementary strengths of wavelet and Fourier
domains through a dual-branch architecture. The key inno-
vation lies in our frequency-adaptive processing strategy:
wavelet low-frequency components are transformed into the
Fourier domain where compact structures can efficiently
handle global illumination recovery through precise ampli-
tude and phase reconstruction guided by self-mined priors.
Meanwhile, wavelet high-frequency components remain in
their native domain, where they are adaptively enhanced
through a gradient-prior-guided gating mechanism that pre-
serves fine-grained textural details. This dual-domain ap-
proach maximizes the inherent advantages of each transform
while mitigating their respective limitations, achieving supe-
rior reconstruction efficiency and quality.
Overall, our contributions are summarized as follows:

* We introduce SMGM, which extracts endogenous priors
directly from dark images, eliminating external depen-
dencies. Our DFGF enables frequency-adaptive enhance-
ment through prior guidance, ensuring robust reconstruc-
tion without added computational burden.

We propose SPJFNet, a novel dual-domain architecture
that leverages the strengths of wavelet and Fourier trans-
forms: efficiently modeling low-frequency components
in the Fourier domain while preserving high-frequency
details in the wavelet domain, thus achieving superior
restoration with reduced complexity.

Extensive experiments validate our state-of-the-art per-
formance across multiple benchmarks, demonstrating
significantly reduced model complexity, as shown in
Fig. 1. Our plug-and-play framework seamlessly inte-
grates into existing frequency-domain methods, deliver-
ing both performance gains and computational efficiency.
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Figure 3: Overall framework of SPJFNet. SPJFNet employs 3-level DWT decomposition and consists of three main modules:
SMGM, DFGF low-frequency branch, and DFGF high-frequency branch.

Related Work

Dark Image Restoration. Dark image restoration methods
including histogram equalization (Pizer 1990) and gamma
correction (Rahman et al. 2016). While traditional meth-
ods are computationally efficient, they struggle with limited
dynamic range modeling and significant noise amplifica-
tion under extreme conditions. Recent deep learning meth-
ods (Cai et al. 2023; Wu et al. 2023), particularly Mamba-
based techniques (Bai, Yin, and He 2024; Weng et al. 2025;
Guo et al. 2025), have shown promising results in Low Light
Image Enhancement (LLIE). A key limitation in these ap-
proaches is the reliance on prior guidance strategies. For
example, SMG-LLE (Xu, Wang, and Lu 2023) uses mod-
ules to predict structural priors, while SKF (Wu et al. 2023)
and DMFourLLIE (Zhang et al. 2024) depend on pre-trained
models for semantic or infrared modal priors. However,
these methods face significant challenges due to imprecise
predicted priors and substantial computational overhead.

Frequency-Domain Dark Image Restoration. Recently,
frequency-domain methods (Cai et al. 2025; Zhang et al.
2025b) have become prominent for their ability to separate
enhancement from noise suppression. FECNet (Huang et al.
2022) and UHDFour (Li et al. 2023) utilize amplitude-phase
decomposition for brightness and structural enhancement,
while DMFourLLIE (Zhang et al. 2024) employs pre-trained
infrared priors for phase correction. Additionally, wavelet-
based methods like Wave-Mamba (Zou et al. 2024a) and
DiffLL (Jiang et al. 2023) leverage lossless downsampling
and noise-content separation for texture preservation, but
they require complex modules to effectively manage intri-
cate wavelet components. A fundamental limitation of ex-
isting frequency-domain approaches is their single-domain
processing: Fourier methods excel in global illumination
modeling but struggle with fine details, while wavelet meth-
ods maintain local textures but necessitate complex architec-
tures for low-frequency enhancement.
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Method

Overall Framework

The overall framework of SPJFNet is illustrated in Fig.3.
Given an input image I € R¥*W*C we use the 2D Dis-
crete Wavelet Transform (2D-DWT) to decompose it into
hierarchical frequency sub-bands:

{Li, HL;, LH;, HH;} = 2D-DWT'(I), (1)

where L;, HL;, LH;, HH; € R X 57 XC represent the low-
frequency and high-frequency components at the i-th de-
composition level. 2D-DWT enables efficient processing
in a lower-dimensional space while preserving comprehen-
sive frequency information. First, the Self-Mining Guid-
ance Module (SMGM) processes the low-frequency com-
ponent through a lightweight gamma enhancement network
to extract endogenous structure prior S; and gradient pri-
ors G;, serving as guidance for both frequency branches.
In the Dual Frequency Guidance Framework (DFGF), the
low-frequency component L; is transformed into the Fourier
domain for global illumination recovery using amplitude
and phase enhancement guided by structure prior S;. The
enhanced components are spatially refined after inverse
Fourier transform. Meanwhile, the high-frequency com-
ponents {HL,;, LH;, HH,} are processed in their native
wavelet domain and enhanced through gradient-prior-guided
gating mechanisms to preserve fine details. The enhanced
frequency components are progressively reconstructed us-
ing multi-scale inverse wavelet transforms, benefiting from
dual-domain guidance to yield a restored output image with
superior quality and computational efficiency.

Self-Mining Guidance Module (SMGM)

As illustrated in Fig.2(a), our self-mining prediction ap-
proach demonstrates that gradient maps predicted through
Gamma transformation of dark images exhibit clear struc-
tural details. This endogenous self-mining strategy is both
precise and efficient, avoiding the error propagation and



Methods Venue LOL-v1 LSRW-Huawei LSRW-Nikon 4Param | #FLOPs
PSNRT SSIM{ LPIPS | |PSNR+ SSIMT LPIPS | |PSNRT SSIMT LPIPS || M) | (G)
NPE (Wang et al. 2013) TIP'13 1697 05928 - 1708 03905 02303 | 1486 03738 0.1464 | - .
LIME (Guo, Li, and Ling 2016) TIP'16 1675 0.4440 02060 | 17.00 03816 02069 | 1353 03321 0.1272 | - .
SRIE (Fu et al. 2016) ICCV'16 | 11.80 05000 0.1862 | 13.42 04282 02166 | 1326 03963 0.1396 | - -
Kind (Zhang, Zhang, and Guo 2019) | MM’19 20.87 07995 02071 | 1658 05690 02259 | 1152 03827 0.1860 | 8.02 | 34.99
MIRNet (Zamir et al. 2020) ECCV'20 | 24.14 08305 02502 | 1998 0.6085 02154 | 17.10 05022 02170 | 31.79 | 785.1
Kind++ (Zhang et al. 2021) nev2l 1897 0.8042 0.1756 | 1543 05695 02366 | 1479 04749 02111 | 827 -
SNR-Aware (Xu et al. 2022) CVPR'22 | 2393 08460 0.0813 | 2067 05911 01923 | 17.54 04822 0.0982 | 39.12 | 26.35
FourLLIE (Wang, Wu, and Zhi 2023) | MM"23 2099 08071 00952 | 21.11 06256 0.1825 | 17.82 05036 02150 | 0.12 | 4.07
UHDFour (Li et al. 2023) ICLR'23 | 22.89 08147 0.0934 | 1939 0.6006 02466 | 17.94 05195 02546 | 17.54 | 4.78
Retinexformer (Cai et al. 2023) ICCV'23 | 2271 08177 00922 | 2123 06309 01699 | 17.64 05082 02784 | 1.61 | 15.57
Wave-Mamba (Zou et al. 2024a) MM24 2276 08419 00791 | 21.19 06391 0.1818 | 17.34 05192 02294 | 126 | 7.22
UHDFormer (Wang et al. 2024) AAAI24 | 2288 0837 0.1390 | 2064 0.6244 01812 | 17.01 05186 02793 | 034 | 3.24
DMFourLLIE (Zhang et al. 2024) MM'24 2298 08273 00792 | 2147 06331 01781 | 17.04 05274 02178 | 075 | 5.81
Retinexmamba (Bai, Yin, and He 2024) | ICONIP'24 | 23.15 0.8210 0.0876 | 20.88 0.6298 0.1689 | 17.59 05133 02534 | 359 | 34.76
CWNet (Zhang et al. 2025a) ICCV'25 | 23.60 0.8496 0.0648 | 2150 0.6397 0.1562 | 1738 05119 02575 | 123 | 113
CIDNet (Yan et al. 2025) CVPR'25 | 23.81 08574 00856 | 2030 0.6054 03500 | 17.16 04975 02816 | 1.88 | 7.57
SPJFNet | Ours | 2416 08531 00694 | 2171 0.6547 0.1558 | 17.98 05289 02047 | 021 | 243

Table 1: Quantitative comparison on LOL-v1, LSRW-Huawei and LSRW-Nikon datasets without using ground truth mean. The
best results are highlighted in bold and the second-best results are underlined.

computational burden associated with handcrafted or com-
plex prediction modules. Specifically, SMGM operates on
the low-frequency component L; to extract dual comple-
mentary priors: the enhanced structural prior .S; and gra-
dient prior G;, which serve as endogenous guidance for
the dual-frequency enhancement framework. L; is first pro-
cessed through convolutional layers to extract feature rep-
resentations, followed by global average pooling to obtain
the global feature vector F,, providing channel-wise global
representation. F, is then fed into a multi-layer perceptron
(MLP) followed by a Sigmoid activation function to produce
the adaptive Gamma mapping I":

I = ¢(MLP(F,)), T e R>1x¢ 2)

where o denotes the Sigmoid activation function that con-
strains output values to (0, 1). The Gamma mapping is ap-
plied to generate the enhanced structural prior S;, from
which the gradient prior G; is extracted using the Sobel op-
erator (Kanopoulos, Vasanthavada, and Baker 1988):
S, =LY Gi=V(S)). 3)
The key insight lies in the dual-guidance mechanism: .S;
serves as the illumination-enhanced prior that guides the
DFGF wavelet low-frequency branch for global brightness
recovery, while G; provides structural gradient informa-
tion that guides the DFGF wavelet high-frequency branch
for detail preservation. This complementary design ensures
that when the gradient prior G; achieves high accuracy
through our supervised learning objective, the correspond-
ing Gamma-enhanced structural prior S; inherently pos-
sesses reliable illumination guidance capabilities, as both
priors originate from the same adaptive Gamma transforma-
tion. To ensure the accuracy of GG, the learning objective
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of SMGM incorporates two complementary losses: gradient
fidelity loss and structural consistency loss:

Ly = \1-]|Gi—G?"||1+)2-CE(Edge(S;), Edge(SY")), (4)

where \; = 1.0 and Ay = 0.1 are weighting coefficients,
CE represents cross-entropy loss for edge maps, and Edge(-)
extracts edge information. £, ensures that both the gradi-
ent prior G; and structural prior .S; maintain high fidelity to
ground truth, establishing a robust foundation for the subse-
quent dual-frequency enhancement process.

Dual-Frequency Guidance Framework (DFGF)

Wavelet Low Frequency Branch. While wavelet decom-
position provides efficient multi-scale downsampling, its
low-frequency subband inherently retains coupled spatial-
frequency information, including residual high-frequency
components that impede pure frequency analysis. To lever-
age both the structural preservation of lossless, we strategi-
cally transform wavelet low-frequency components into the
Fourier domain.

As illustrated in Fig.3, the low-frequency component L;
is transformed into the Fourier domain using Fast Fourier
Transform (FFT), yielding amplitude A and phase P:
A, P = FFT(L;). Simultaneously, the structural prior S;
encoding precise brightness and structural information is
transformed into amplitude prior A; and phase prior Pi:
As, Ps = FFT(S;).

Since prior work (Wang, Wu, and Zhi 2023) indicates that
brightness information is mainly encoded in the amplitude
component, we propose a dual-branch architecture to lever-
age this. We first concatenate the amplitude prior A, with the
original amplitude A to form enriched features, Aconcat =
Concat(A, As), which are then processed through comple-
mentary branches. The first branch modulates the original



amplitude component using channel attention mechanisms
to highlight salient features, while the second branch em-
ploys gating mechanisms for precise mapping of the ampli-
tude components. This dual-path processing synergistically
enhances global illumination recovery. This process can be
formulated as:

Bl = CA(Aconcat)v B2 = J(Conv(Aconcat)) . A7 (5)

where CA(+) denotes channel attention, and o is the Sig-
moid activation function. B; applies channel attention to
the concatenated features and modulates the original ampli-
tude, enabling adaptive amplitude adjustment based on both
original and prior information. B, processes the amplitude
prior through convolution and Sigmoid activation to extract
refined prior features with values constrained to (0, 1) for
stable enhancement. The enhanced amplitude is obtained
through element-wise addition: A = B; + By, where the
addition operation preserves the original amplitude charac-
teristics while incorporating prior-guided enhancements.

Phase components contain crucial high-frequency struc-
tural details that require careful preservation during en-
hancement. Unlike amplitude components that primarily en-
code global illumination, phase components capture local
structural information that benefits from attention-based re-
finement. The phase prior P, provides structural guidance
for enhancing the original phase P through a self-attention
framework:

@, K = Conv(Concat(Ps, P)), V = Conv(P),

P = Softmax(Q - K ') -V,
where the query ) and key K are generated from the con-
catenated phase and phase prior to capture correlations be-
tween structural patterns, while the value V' is derived from
the original phase to preserve authentic structural infor-
mation. The self-attention mechanism selectively enhances
phase components based on structural similarity, ensuring
coherent phase reconstruction. The enhanced amplitude A
and phase P are then merged and transformed back to the
spatial domain via inverse FFT.

Following the two-stage processing paradigm of current
Fourier-based methods, we employ a Spatial Enhancement
Module to further refine local spatial details. The core com-
ponent consists of two complementary convolution modules
with different receptive field characteristics: dilated convo-
lution (Yu and Koltun 2015) with dilation rate 4 for ex-
panded receptive field coverage, and wavelet transform con-
volution (WTConv) (Finder et al. 2025) with 3 decompo-
sition levels for multi-scale feature representation. The di-
lated convolution captures long-range spatial dependencies
through enlarged receptive fields, while the WTConv lever-
ages wavelet decomposition to extract multi-resolution fea-
tures across different frequency bands. This dual-branch
design achieves comprehensive spatial detail enhancement
while maintaining computational efficiency, effectively re-
covering fine-grained spatial information.

(6)

Wavelet High Frequency Branch. High-frequency com-
ponents primarily encode image edges, textures, and fine-
grained details that require precise local enhancement to pre-
serve structural integrity while avoiding noise amplification.

Methods DICM LIME MEF NPE \'AY

Kind (Zhang, Zhang, and Guo 2019) 3.61 4.77 4.82 4.18 3.84

MIRNet (Zamir et al. 2020) 4.04 6.45 5.50 524 474
SGM (Yang et al. 2021) 4.73 5.45 5.75 5.21 4.88
FECNet (Huang et al. 2022) 4.14 6.04 4.71 450 375
HDMNet (Liang et al. 2022) 4.77 6.40 5.99 5.11 4.46
Bread (Guo and Hu 2023) 4.18 472 5.37 4.16 3.30
Retinexformer (Cai et al. 2023) 4.01 3.44 3.73 3.89 3.71
UHDFormer (Wang et al. 2024) 442 4.35 4.74 4.40 4.28
Wave-Mamba (Zou et al. 2024a) 4.56 4.45 4.76 4.54 4.71
CWNet (Zhang et al. 2025a) 3.92 3.58 3.66 3.61 3.74
Ours 3.85 3.38 3.69 352 3.62

Table 2: NIQE scores on DICM, LIME, MEF, NPE, and VV
datasets. All methods are pre-trained on LSRW-Huawei.

Our gradient-guided enhancement strategy leverages the ex-
tracted gradient prior G; to provide structural guidance for
adaptive high-frequency enhancement.

As illustrated in Fig.3, we first fuse the gradient prior G;
with the high-frequency components through element-wise
addition to create structurally-informed features: Fp; =
(HL;+ LH;+ HH,;)+G,;. Simultaneously, G; is processed
through depthwise separable convolution to extract efficient
spatial features: F4,, = DWConv(G;).

To generate precise enhancement weights, the extracted
gradient features are transformed into a spatial gating map
through 1x1 convolution and Sigmoid activation:

M, = o(Convix1(Faw)), 7

where M, € (0,1) serves as a gradient-guided gating map
that indicates enhancement confidence at each spatial loca-
tion. Regions with strong gradient responses receive higher
enhancement weights, while smooth regions are preserved
with minimal modification.

The high-frequency components {H L;, LH;, HH;} are
concatenated and processed through depthwise separa-
ble convolution to extract spatial features: Fgpatial
DWConv(Concat(HL;, LH;, HH;)). The gradient-guided
gating mechanism is applied for selective enhancement:
Fenhanced = Fspatial © Ms + Fspatial’ where the residual
connection preserves original information while enabling
adaptive enhancement. Finally, the enhanced features are
processed through convolution and residual blocks, then
decomposed back into refined high-frequency components
{HL;, LH;, HH;} through learned projection layers, en-
suring structurally-consistent detail enhancement for subse-
quent wavelet reconstruction.

Experiments
Datasets and Experimental Details

Datasets. We train and evaluate our method on four widely
recognized dark image datasets: LOL (Yang et al. 2021),
LSRW-Huawei (Hai et al. 2023) and LSRW-Nikon (Hai
et al. 2023). The LOL dataset includes 485 training pairs
and 15 testing pairs. LSRW-Huawei contains 3,150 train-
ing pairs and 20 testing pairs, while LSRW-Nikon pro-
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Figure 4: Visual comparison with state-of-the-art methods across three datasets. From top to bottom: three groups of compar-
isons are conducted on LSRW-Huawei, LSRW-Nikon, and LOL-v1 datasets, respectively.
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Figure 5: Visual comparison on UHD-LL dataset. (UHD) is Figure 6: Visual comparison on no-reference datasets.

a designed for UHD images.

2016)), deep learning-based methods (Kind (Zhang, Zhang,
and Guo 2019), MIRNet (Zamir et al. 2020), Kind++ (Zhang

vides 2,450 training pairs and 30 testing pairs. Addition- et al. 2021), SNR-Aware (Xu et al. 2022), FourLLIE (Wang,
ally, we evaluate on three unpaired datasets: NPE (Wang Wu, and Zhi 2023), UHDFour (Li et al. 2023),Retinex-
et al. 2013), DICM (Lee, Lee, and Kim 2012), LIME (Guo, former (Cai et al. 2023), Wave-Mamba (Zou et al. 2024a),
Li, and Ling 2016), MEF (Ma, Zeng, and Wang 2015) and UHDFormer (Wang et al. 2024), DMFourLLIE (Zhang
VV (Vonikakis, Kouskouridas, and Gasteratos 2018). et al. 2024), Retinexmamba (Bai, Yin, and He 2024),
Implementation Details. Our method is implemented in CWNet (Zhang et al. 2025a) and CIDNet (Yan et al. 2025)).
PyTorch and trained end-to-end. Images are randomly

cropped to 256 x 256 and augmented with random flipping. Comparisons with State-of-the-Art Methods

We use the ADAM optimizer with an initial learning rate of ¢ The quantitative results are presented in Tab. 1. On the
4.0 x 10~* and a multi-step scheduler. Training is conducted LOL-V1 dataset, our method achieves the best PSNR while
for 1.5 % 10° iterations with a batch size of 8 on two NVIDIA maintaining competitive SSIM (0.8531) and LPIPS (0.0694)
4090 GPUs. Loss function utilizes £; loss for training. scores. For the LSRW-Huawei dataset, our method obtains
Evaluation. Our network performance is primarily evalu- the highest PSNR (21.71 dB) and SSIM (0.6547), with the
ated using peak signal-to-noise ratio (PSNR (Hore and Ziou best LPIPS score (0.1558). Similarly, on the LSRW-Nikon
2010)), structural similarity index (SSIM (Wang et al. 2004)) dataset, our method achieves the best performance across all
and LPIPS (Zhang et al. 2018). We conduct comprehensive metrics. Notably, our method excels in computational ef-
comparisons with 16 state-of-the-art dark image restoration ficiency while maintaining superior performance. With only
methods, including traditional approaches (NPE (Wang et al. 0.21M parameters and 2.43G FLOPs, our approach is signif-
2013), LIME (Guo, Li, and Ling 2016), SRIE (Fu et al. icantly more lightweight compared to competing methods.
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Method | DWT; £, SMGM DL D-H | PSNRT  SSIM{
A 2 v v v v 21.13 0.64
B 4 v v v v 2173 0.6535
c | 3 x v v v | Nan  Nan
D 3 v x v v 2098 0.6384
E 3 v v X v 2084 06371
F 3 v v v x 2130 0.6523
G 3 v x v X 2065 06346
H 3 v v x x 2047  0.6331
I 3 v x X v 2082 0.6405
1|3 v v v v | 2 06547

Table 3: Ablation study on core architectural components.
v'indicates the component is used, x indicates it is not used.

D-L D-H L Metrics
Amp Pha Spa | M. Fny Fs | A1,Az | PSNRT  SSIM?T
x v v v v v | 10,01 | 2123 0.6497
v x v v v v | 10,01 | 2158  0.6532
v v x v v v | 10,01 | 2128  0.6488
v v v x v v | 10,01 | 2142 06527
v v v v X v | 10,01 | 2154  0.6543
v v v v v x | 10,01 | 2142  0.6527
v v v v v v | 10,01 | 2130  0.6495
v v v v v v | 10,01 | 2141 06502
v v v v v v | 08,01 | 2169  0.6539
v v v v v v | 10,02 | 2164 06528
v v | v v v o] roor | 2171 06547

Table 4: Ablation study on fine-grained components.

Quantitative Comparison on No-reference Datasets. As
shown in Tab.2, our method obtains the best NIQE scores
on three out of five datasets (LIME, MEF, NPE) and ranks
second on the remaining two datasets (DICM, VV), consis-
tently outperforming existing state-of-the-art methods.
Visual Comparisons. To demonstrate the effectiveness of
our approach, we present visual comparisons with state-of-
the-art methods across three challenging datasets in Fig. 4.
The results clearly illustrate the superior enhancement qual-
ity achieved by our method in various challenging scenarios.
Fig. 5 shows the visual comparisons on the UHD-LL (Li
et al. 2023) dataset. Compared to other methods, our ap-
proach produces results that are closer to the ground truth in
terms of brightness, image quality, and detail preservation.
Fig. 6 shows visual comparisons on the unpaired DICM and
LIME datasets, which demonstrates our method’s superior
performance in detail preservation and exposure control.

Ablation Study

Core Component Analysis. Tab. 3 presents the ablation
study on core architectural components. We investigate the
optimal wavelet decomposition levels (rows A-B) and vali-
date the necessity of loss £ (row C), whose removal causes
training instability (NaN values). Individual module analy-
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Methods PSNRT SSIMT LPIPS|
FourLLIE (Baseline) 21.11 0.6256 0.1825
FourLLIE + SMGM 21.37 0.6401 0.1688
FourLLIE + SMGM + DFGF 21.49 0.6448 0.1632
DMFourLLIE (Baseline) 21.47 0.6331 0.1781
DMFourLLIE + SMGM 21.52 0.6429 0.1597
DMFourLLIE + SMGM + DFGF 21.70 0.6457 0.1601

Table 5: Plug-and-play validation on Fourier-based methods.

sis (rows D-I) shows SMGM contributes 0.73 dB PSNR im-
provement, while DFGF low-frequency and high-frequency
(D-L, D-H) branches provide 0.87 dB and 0.41 dB improve-
ments respectively. The combination analysis (rows G-I)
confirms their synergistic effect.

Fine-grained Component Analysis. Tab. 4 analyzes sub-
components within each module. In the DFGF low-
frequency branch (D-L), amplitude guidance contributes
most significantly (0.48 dB), followed by spatial enhance-
ment (0.43 dB) and phase guidance (0.13 dB). For the high-
frequency branch (D-H), gradient map guidance (M) pro-
vides 0.29 dB improvement, while feature processing com-
ponents [} and F, contribute 0.17 dB and 0.29 dB re-
spectively. In the multi-scale module, WTConv and dilated
convolution contribute 0.41 dB and 0.30 dB respectively,
demonstrating their complementary roles. Additionally, we
conducted an ablation study to verify the weight of L.
Plug-and-Play Validation. To further demonstrate the gen-
eralizability and effectiveness of our proposed modules,
we conduct plug-and-play experiments by integrating our
components into existing Fourier-based low-light enhance-
ment methods, specifically FourLLIE and DMFourLLIE. As
shown in Tab. 5, both methods achieve consistent perfor-
mance improvements with our modules.

Limitation and Conclusion

Limitation. As illustrated in the second row of Fig. 6, our
method occasionally exhibits color distortion where the re-
stored image shows slight color shifts compared to natu-
ral appearance. This limitation stems from our frequency-
domain processing strategy, which emphasizes amplitude
and phase information while color consistency constraints
could be strengthened. The gradient-guided enhancement,
though effective for spatial detail recovery, may prioritize
structural information over color accuracy in challenging
scenarios, suggesting room for improvement in color fidelity
preservation, particularly in complex lighting conditions.
Conclusion. In this paper, we present SPJFNet, an efficient
self-mining prior-guided joint frequency enhancement net-
work. By introducing the SMGM to eliminate dependence
on external priors and the DFGF to decouple frequency pro-
cessing, our method achieves significant efficiency improve-
ments while surpassing state-of-the-art performance. In the
future, we will focus our research efforts on how to effi-
ciently combine frequency domain processing with ensuring
color consistency in dark image restoration.
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