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Abstract

Traditional Low-Light Image Enhancement (LLIE) methods
primarily focus on uniform brightness adjustment, often ne-
glecting instance-level semantic information and the inher-
ent characteristics of different features. To address these
limitations, we propose CWNet (Causal Wavelet Network),
a novel architecture that leverages wavelet transforms for
causal reasoning. Specifically, our approach comprises two
key components: 1) Inspired by the concept of interven-
tion in causality, we adopt a causal reasoning perspective
to reveal the underlying causal relationships in low-light
enhancement. From a global perspective, we employ a met-
ric learning strategy to ensure causal embeddings adhere
to causal principles, separating them from non-causal con-
founding factors while focusing on the invariance of causal
factors. At the local level, we introduce an instance-level
CLIP semantic loss to precisely maintain causal factor con-
sistency. 2) Based on our causal analysis, we present a
wavelet transform-based backbone network that effectively
optimizes the recovery of frequency information, ensuring
precise enhancement tailored to the specific attributes of
wavelet transforms. Extensive experiments demonstrate
that CWNet significantly outperforms current state-of-the-
art methods across multiple datasets, showcasing its robust
performance across diverse scenes. Code is available at
CWNet.

1. Introduction

LLIE is essential in computer vision, addressing chal-
lenges like dimness and detail loss that degrade image qual-
ity. While traditional methods like gamma correction [29],
Retinex theory [31], and histogram equalization [32] strug-
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gle with non-uniform lighting and extreme darkness, deep
learning approaches [3, 47, 48, 53, 54, 61] offer improved
adaptability and performance. However, they often fail to
fully exploit feature modeling and semantic information.

Frequency-based methods present a promising avenue
for LLIE by effectively separating and enhancing high- and
low-frequency information, improving detail and bright-
ness while isolating noise. Nonetheless, existing meth-
ods [14, 19, 38, 53, 61] treat frequency features uniformly,
which limits their potential. Additionally, maintaining color
and semantic consistency is a significant challenge, as many
advanced methods [2, 17, 39, 56] often overlook these as-
pects, leading to visually unnatural or semantically inaccu-
rate results. This paper addresses these gaps by exploring
two key questions:

Firstly, how can we ensure consistency in color and se-
mantic information while improving lighting conditions?
Current methods [43, 59] often rely on color histogram-
based losses to maintain color consistency, while SCL-
LLE [23] utilize downstream semantic segmentation con-
sistency loss to enhance semantic brightness and color con-
sistency. SKF [43] further improves semantic consistency at
the feature level by extracting intermediate features through
a semantic segmentation network. In contrast, the visual-
language pre-trained model CLIP [33] demonstrates supe-
rior performance in maintaining color and semantic consis-
tency. Many methods [17, 49, 55] leverage CLIP to learn di-
verse features, achieving semantically guided enhancement.
However, these approaches primarily focus on global se-
mantic and color consistency, lacking the ability to ensure
instance-level consistency.

Secondly, how can we establish a robust model that
Sfully exploits frequency domain features? The two com-
monly used frequency domain transformations are Fourier
transform and wavelet transform. Fourier-based methods
[14, 38] excels in capturing global information by ampli-
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Figure 1. Structural causal model (SCM) for LLIE.

fying low-frequency components, enhancing overall bright-
ness. However, its lack of spatial locality limits its abil-
ity to preserve high-frequency details like edges and tex-
tures, often resulting in brighter but less detailed images.
Recent works[19, 53] have improved detail preservation by
incorporating phase processing, but challenges remain in
achieving fine-grained detail enhancement and spatial co-
herence. In contrast, wavelet transforms provide superior
spatial locality, effectively separating image content from
noise and enhancing edge and texture details. However,
wavelet-based methods [17, 61] do not fully leverage the
unique characteristics of the frequency domain, which lim-
its their recovery potential.

To address these limitations, we propose a Structural
Causal Model (SCM) [35] for Low-Light Image Enhance-
ment (LLIE) based on causal inference, as shown in Fig. 1.
Within this framework, we establish the core objective of
the LLIE task: to maintain consistency in causal factors
S (semantic information). Meanwhile, non-causal factors
U (color and brightness anomalies) need to be filtered out.
This causal perspective enables us to effectively distinguish
meaningful semantic content from confounding degrada-
tions. Building on this causal analysis, we propose a two-
level strategy. At the global level, we obtain non-causal fac-
tors U through intervention procedures. Subsequently, we
employ a causally-guided metric learning approach to fil-
ter out non-causal factors in the latent space. At the local
level, we introduce an instance-level CLIP semantic loss
to maintain fine-grained semantic consistency for each in-
stance, achieving the objective of ensuring that causal fac-
tors S remain consistent.

Based on the SCM, we meticulously propose a wavelet-
based backbone network to support this causal concept,
referred to as the Causal Wavelet Network (CWNet).
CWNet incorporates a Hierarchical Feature Restoration
Block (HFRB) after each sampling layer, consisting of three
components: a Feature Extraction (FE), a High-Frequency
Enhancement Block (HFEB), and a Low-Frequency En-
hancement Block (LFEB). The FE adaptively extracts
wavelet frequency domain features and compensates for
missing information through interaction. HFEB, inspired
by State Space Models (SSM) [9, 56, 61], employs a 2D
Selective Scanning Module (2D-SSM) aligned with the
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scanning order of wavelet high-frequency components, en-
abling accurate recovery of high-frequency details. For low-
frequency information, we develop the LFEB module for
comprehensive recovery.

In summary, our main contributions are as follows:

We introduce a novel causal framework for LLIE, sep-
arating causal and non-causal factors to enhance image
quality while preserving semantics.
We propose a two-level consistency strategy, combining
causally-guided metric learning for global consistency
and instance-level CLIP loss for local semantic and color
consistency.
We develop the Causal Wavelet Network (CWNet) with
a Hierarchical Feature Restoration Block (HFRB) to
model wavelet frequency features, enabling precise high-
frequency recovery and robust low-frequency handling.
Extensive experiments validate CWNet’s state-of-the-art
performance across diverse datasets, demonstrating its ro-
bustness and scalability.

2. Related Work

Low-Light Image Enhancement (LLIE): LLIE methods
can be categorized into non-learning-based and learning-
based approaches. Traditional techniques, such as his-
togram equalization (HE) [32] and Retinex theory [31], en-
hance images by improving contrast or adjusting illumina-
tion and reflectance maps. With the advent of deep learn-
ing, methods like LLNet [26] and Deep Retinex Decompo-
sition [42] combined Retinex theory with neural networks,
leading to significant advancements. Recent approaches,
such as FourLLIE [38] and DMFourLLIE [53], leverage
frequency domain features to enhance brightness, while
Retinexformer [3] integrates transformers to address long-
range dependencies. Advanced frameworks like UHD-
former [39] and LightDiff [20] tackle ultra-high-definition
restoration and unpaired low-light enhancement, respec-
tively, expanding LLIE’s scope to more complex tasks.

State Space Models (SSM): State Space Models
(SSMs) have emerged as efficient alternatives to CNNs and
Transformers for handling long-range dependencies, with
linear scalability [8]. Mamba, a structured SSM, has been
applied to tasks like super-resolution [16], image classifica-
tion [36], and restoration [9]. In LLIE, Retinexmamba [2]
integrates SSMs into Retinexformer for faster processing,
while Wave-Mamba [61] explores UHD low-light enhance-
ment. Recent innovations include LocalMamba [15], which
uses localized scanning for detail preservation, and LLE-
Mamba [56], which employs bidirectional scanning to bal-
ance local and global focus. These advancements highlight
the growing role of SSMs in LLIE.

Causal Inference: Causal inference focuses on identify-
ing and quantifying causal relationships, with growing ap-
plications in computer vision. CIIM [46] removes modality
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Figure 2. ATE Heatmap Analysis (PSNR). Top row: Ground truth,
light degradation, and color anomaly examples. Bottom row: Low
light input, ATE heatmaps for light degradation and color anomaly.
Brighter regions indicate greater sensitivity to degradations.

bias through causal intervention, while DCIN [21] applies
causal reasoning to reduce knowledge bias in image-text
matching. MuCR [22] embeds semantic causal relation-
ships for image synthesis. Despite its potential, causal infer-
ence remains underexplored in low-level image processing
tasks, presenting an opportunity for innovation in LLIE.

3. Method
3.1. Causal Inference Analysis for LLIE

3.1.1. Meaningful and Harmless Causal Interventions

For effective causal analysis, interventions must be mean-
ingful and harmless. To achieve these aims, we refer to
[12] and design two types of interventions applied to ground
truth (normal-light) images for synthetic degradation:

Light Degradation Intervention: Instead of simple ab-
lation (which violates the harmless principle), we utilize
a physics-based illumination degradation model. Given a
normal-light image I, we generate a light-degraded version
1; as follows:

Iy

I = LL +e, (1)

where L is the illumination map generated through
LIME [11]. Here, v € [2,5] controls the severity of the
degradation, and ¢ is Gaussian noise with mean 0 and vari-
ance in [0.03,0.08]. This approach offers substantial yet
realistic lighting changes while preserving the original se-
mantic content.

Color Anomaly Intervention: To assess the impact of
color distortion, we apply the following transformation to
the ground truth image:

I. = AH(I) + AS(I) +

where AH € [-30,30] represents hue shift, AS €
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(a) Causality-Driven Metric Learning Strategy for Causal Inference.The
latent space organization includes: Anchor (gray): The network-processed
low-light image. Positive (green): The ground truth normal-light refer-
ence sharing the same semantic causal factors as the anchor. Color Degra-
dation Negatives (blue): Counterfactual samples generated through color
perturbation interventions on normal-light images from different scenes.
Light Degradation Negatives (orange): Counterfactual samples generated
through brightness perturbation interventions on normal-light images from
different scenes.
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(b) Instance-Level CLIP Semantic Loss. The enhanced image result Ije
is processed through a pre-trained segmentation network to obtain a se-
ries of segmented instance sub-images Isey. Each sub-image is then it-
eratively aligned with corresponding textual prompts to ensure semantic
consistency.

Figure 3. Global and local causal intervention methods. (a) Elim-
inate global non-causal interference from illumination and color.
(b) Ensure causal semantic consistency.

[—50, 50] represents saturation shift, and AK € [—50, 50]
denotes RGB channel offsets.

3.1.2. Average Treatment Effect Analysis

To quantitatively assess the impact of our interventions on
different image regions, we employ Average Treatment Ef-
fect (ATE) analysis [1, 37].

For a feature or region p;, the ATE is calculated as:

¢Flpi] = E{MR(I)} — Eier.ry{Mr(I|do(p; = 1))},
3)
where [ is the ground truth image, Mg represents
the quality metric (PSNR), and I|do(p; = =z;) denotes
the image with our interventions (light degradation, color
anomaly, or noise) applied at intensity ;.
To visualize region-specific sensitivity, we compute:

or(I) = {oF[pil}iL1, @)

creating attribution maps that highlight regions most af-
fected by the interventions. As illustrated in Fig. 2, this
analysis reveals that degradations affect different seman-
tic regions with varying intensities, emphasizing the need
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Figure 4. Overall Architecture of CWNet. The low-light image [;,., is processed through the sampling and HFRB modules to generate the
predicted image ;... The expanded structures of each module are shown below.

for both global causal consistency and instance-level causal 3.1.4. Instance-Level Causal Consistency through CLIP

preservation in our enhancement approach. While our metric learning approach ensures global causal

consistency, our ATE analysis identified significant region-
specific variability in degradation sensitivity. To uphold lo-

3.1.3. Causally-Guided Metric Learning cal semantic integrity, we introduce an instance-level CLIP-

We first address global causal consistency through a based causal consistency module.

causally-guided metric learning approach within a causal As depicted in Fig. 3(b), we employ HRNet [40], pre-
inference framework. As shown in Fig. 3(a), we intro- trained on PASCAL-Context [30], to extract semantic in-
duce a sample mining strategy for metric learning to disen- stance maps. These maps, along with text prompts, are pro-
tangle illumination-invariant semantic features (causal fac- cessed by CLIP encoders to assess semantic consistency:

tors) from degradation-related factors (non-causal factors).
The processed low-light image serves as the anchor, paired

. . . . .. 1 K ecos(q:'inlage(I§59)7<I>text(TLow))
with its corresponding normal-light reference as the positive §=— Z
coht i ; 7 K cos(Pimage (I£. ) Proxt (T3)) ’
sample. The low-light image, as an extremely degraded in- 1 Die {low,normal} © seg
stance of the reference in brightness and color (non-causal (6)
factors), forms an intrinsic hard positive pair, compelling where K is the number of sub-instance maps and ¥, g 18
the metric learning to focus on semantic invariance. Fur- a sub-instance map. We optimize using cross-entropy loss:

thermore, we construct counterfactual negative samples by
perturbing color and brightness in normal-light images from
different scenes. This strategy deliberately excludes other Lsem = = (ylog(9) + (1 —y)log(1 = 9)), (D
low-light images (preventing confusion between causal and
non-causal features), instead forcing the model to discrim-
inate fundamental semantic differences (divergent causal

factors) even when non-causal features may resemble the 3.2. Causal Wavelet Network (CWNet)
anchor. The metric loss is defined as:

where y is the label of the current image, Ois for low light
image and 1 is for normal light image.

The architecture of CWNet is illustrated in Fig.4, compris-

Cor(Fy PR (F)) = Co(Fy F) ing upsampling and dov.vnsampling layers along with the

cald’py £ 151 T S, L (RGBS Li(Fe,F)) HFRB. The HFRB consists of FE, HFEB, and LFEB. Be-
&) low is a detailed introduction to each component:

where F,, ', {F;}, {F.} are the feature representations 3.2.1. Feature Extraction (FE)
of the positive sample, anchor, light negative samples, and

color abnormal negative samples, respectively. The hyper-

RHXWXC

Given a low-light image [;,,, € , We use wavelet

transform (WT) to decompose it into four different fre-

parameter £ = —~ normalizes the contributions from light .
L+cC . . . quency sub-bands:
and color negative samples, with L and C denoting their to-
tal counts. {L,H,V,D} = WT(Ljow), )
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where L, H,V,D € Rz*%xC represent low-frequency
component, horizontal, vertical and diagonal high-
frequency components, respectively. The image can be re-
constructed from these frequency sub-bands using inverse

wavelet transform (IWT):

liow = IWT{L, H,V, D}. )

In the FE, we design the extraction process to leverage
the wavelet domain’s characteristics. High-frequency fea-
tures are obtained using depthwise separable convolutions,
while low-frequency features utilize WTConv [6]. The WT-
Conv layer achieves a larger receptive field without addi-
tional parameter complexity, essential for capturing low-
frequency information. Studies [17, 61] indicate that most
information resides in low-frequency components, while
high-frequency details are less sensitive in low-light scenar-
ios. To enhance extraction, we employ three convolution
kernels aligned with high-frequency directions. The extrac-
tion process is formalized as:

L' =WTConv(L),
HY = DepthConv(H) + H-Conu(L),
VE = DepthConv(V) + V-Conv(L'),
DY = DepthConv(D) + D-Conv(L'),

(10)

where L', H*, VI D denote the features extracted post-
FE, with H-Conv, V-Conv, and D-Conv extracting hor-
izontal, vertical, and diagonal features, respectively. For
detailed structures, please refer to our supplementary mate-
rials.

3.2.2. High-Frequency Enhancement Block (HFEB)

Recent advancements in state space models (SSM) have sig-
nificantly improved image enhancement tasks [2, 16, 56,
61].

SSMs transform one-dimensional signals into outputs
via latent state representations through linear ordinary dif-
ferential equations. For a system with input z(¢) and output
y(t), the model dynamics are described by:

B'(t) = Ah(t) + Bx(t), y(t) = Ch(t) + Dz(t), (11)

where A, B, C, and D are system parameters. The discrete
versions, such as Mamba, utilize the zero-order hold (ZOH)
discretization, represented as follows:

h; = Aht_l + Bl’t, Yt = Ch + .Dfﬂt,
MR- (AA) UM - 1) AB,

= e 5

_ 12)
A
where A and B are the discrete counterparts of A and B.
Inspired by SSM, we propose the High-Frequency
Mamba (HF-Mamba) module, designed for wavelet high-

frequency components. The HF-Mamba consists of three
parts: D-Mamba, V-Mamba, and H-Mamba. As illustrated
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in Fig.4, it applies Layer Normalization (LN), followed by
a Visual State Space Module (VSSM) with residual con-
nections, and culminates in a gated feedforward network to
enhance channel information flow.

While many existing methods [2, 9, 16, 56, 61] directly
adapt the 2D-SSM structure from VMamba [36], we pro-
pose distinct processing for wavelet high-frequency com-
ponents. Horizontal scanning utilizes H-2D-SSM, vertical
scanning employs V-2D-SSM, and diagonal scanning incor-
porates D-2D-SSM. This approach is formalized as:

HY = H-2D-SSM(H"),
vl =vap-ssmvt),
DY = D-2D-SSM(D*Y).

13)

This consistent scanning of high-frequency features ex-
tracted by the FE further enhances detail representation.

3.2.3. Low-Frequency Enhancement Block (LFEB)

Previous works [5, 45, 60] have employed structure-guided
enhancement techniques to optimize image generation,
demonstrating that refined high-frequency components can
significantly aid in generation and restoration tasks, particu-
larly in LLIE. Building on these insights, we enhance high-
frequency components post-High-Frequency Enhancement
Block (HFEB) and reconstruct the frequency domain using
Inverse Wavelet Transform (IWT):
liow = IWT{L',H*, V¥, D}, (14)
where the reconstructed image I}, serves as input to the
LFEB. Fast Fourier Convolution (FFC) [4] integrates global
context within early neural network layers using channel
Fast Fourier Transform (FFT) for a broader receptive field.
Based on the above, we propose an LFEB, illustrated in
Fig. 4, consisting of two residual blocks tailored for pro-
cessing low-frequency components, which require large re-
ceptive fields. Both blocks employ Fast Fourier Convolu-
tion to enhance global features. The fist block apply a 5x5
convolution with appropriate padding to expand the recep-
tive field for local spatial context, while the SimpleGate
mechanism ensures efficient information flow with mini-
mal loss during activation. Finally, a 1x1 convolution re-
stores the feature dimensions. The second block empha-
sizes inter-channel correlations and feature enhancement. It
employs channel expansion through a 1x1 convolution that
quadruples the channel dimensions.The SimpleGate mech-
anism selectively preserves important features, and another
1x1 convolution compresses the features back to the origi-
nal channel size. Following the LFEB and subsequent mod-
ules, low-frequency components are refined under the guid-
ance of high-frequency components, resulting in the pre-
dicted brightened output ;...



Category ‘ Methods ‘ LOL-v1 ‘ LOL-v2-Real ‘ LOL-v2-Syn ‘ LSRW-Huawei ‘ #Param ‘ #Flops
| PSNRT SSIMT LPIPS| | PSNRT SSIM{ LPIPS| |PSNRT SSIMT LPIPS||PSNRT SSIM{T LPIPS|| (M) | (G)
NPE [41] 1697 05928 02456 | 17.33 04642 02359 | 1660 07781  0.079 | 17.08 03905 02303 -
Traditional LIME [11] 1676 04440 02060 | 1524 04190 02203 | 1688 07578 0.1041 | 17.00 03816  0.2069
SRIE [7] 1180 05000 0.1862 | 1445 05240 02160 | 1450 0.6640 0.1484 | 1342 04282 02166 - -
Kind [57] 2087 07995 02071 | 1754 06695 03753 | 2262 09041 00515 | 1658 05690 02259 | 802 | 3499
CNN-based MIRNet [52] 2414 08305 02502 | 2201 07942 0.1448 | 2252 08997 00568 | 1998  0.6085 02154 | 3179 | 785.1
Kind++ 58] 1797 08042 0.1756 | 1908 08176 01803 | 21.17 08814 00678 | 1543 05695 02366 | 827 | 2970.5
FourLLIE [38] 2099 08071 00952 | 2345 08450 00613 | 2465 09192 00389 | 2111 06256 01825 | 0.12 4.07
Frequency-based | UHDFour [19] 2289 08147 00934 | 2727 08579 00617 | 23.64 08998 00341 | 1939 06006 02466 | 1754 | 478
DMFourLLIE [53] | 2298 08273 00792 | 2640 08765 00526 | 2574 09308 00251 | 21.09 06328 0.1804 | 041 1.70
SNR-Aware [44] 2393 08460 00813 | 2148 08478 00740 | 2413 09269 00318 | 2067 05911 01923 | 39.12 | 2635
Transformer-based | Retinexformer [3] | 2271 08177 00922 | 2455 08434 00627 | 2567 09295 00273 | 2123  0.6309 0.1699 | 161 | 1557
Mamba.based Wave-Mamba [61] | 2276 0.8419  0.0791 | 27.87  0.8935 00451 | 2469 09271 00584 | 21.19 06391 0.1818 | 126 7.22
) RetinexMamba [2] | 23.15 08210  0.0876 | 27.31 08667 00551 | 2589 09346 00389 | 2088 06298 0.1689 | 3.59 | 3476
| CWNet | 23.60 0.8496 0.0648 | 27.39  0.9005 0.0383 | 2550 09362 0.0195 | 21.50  0.6397 0.1562 | 123 | 113

Table 1.

Quantitative comparison on LOL-v1 [51], LOL-v2-Real [51], LOL-v2-Syn [51], and LSRW-Huawei [13].

The best and

second-best results are shown in bold and underlined respectively. Please note that we did not use the GT-Mean strategy.

3.3. Loss Function

Our total loss consists of five parts:

Ltotal = >\1£2 + /\2£ssim + /\3£per + )‘4Lca + >\5£sem7 (15)
where A denotes the loss weights, we  set
)\1,)\2,)\3,)\4,)\5 = [10,03,02,001,001] £2 rep-

resents the Iy 1oss. Lggp, 18 the structure similarity loss.
Lper is the perceptual loss, which constrains the features
extracted from VGG to obtain better visual results. Lo,
Lsgim and L,¢, constrain the output I, and ground truth
14 end-to-end.

4. Experiments

4.1. Datasets and Experimental Setting

CWNet is trained and evaluated on four LLIE datasets:
LOL-v1 [51], LOL-v2-Real [51], LOL-v2-Synthesis [51],
and LSRW-Huawei [13]. LOL-vl contains 485 training
and 15 testing pairs of real-world low-light/normal-light im-
ages. LOL-v2-Real provides 689 training and 100 testing
pairs with more diverse real-world scenarios. For LOL-
v2-Real evaluation, we use the model trained on LOL-
vl to demonstrate cross-dataset generalization. LOL-v2-
Synthesis includes 900 training and 100 testing synthesized
pairs. LSRW-Huawei comprises 2450 training and 30 test-
ing pairs captured with different devices.

CWNet is implemented in PyTorch and trained end-to-
end to jointly optimize all network parameters. The model
employs a U-Net-like architecture with feature channels 16
and asymmetric block configurations of [1,3,4,3,1] and
[1,2,2,2,1] for low and high-frequency branches respec-
tively. During training, input images are randomly cropped
to 256 x 256 patches and augmented with random horizon-
tal/vertical flips and rotations. We use the Adam optimizer
with 57 = 0.9, B2 = 0.99, and an initial learning rate of
4.0 x 10~*. The total training is conducted for 3.0 x 10°
iterations with a batch size of 8.

4.2. Comparison with Current Methods

In this paper, our CWNet is compared to current state-
of-the-art LLIE methods, including traditional approaches
LIME [11], NPE [41] and SRIE [7], deep learning-based
methods Kind [57], Kind++ [58], MIRNet [52], SGM [51],
SNR-Aware [44], FourLLIE [38], FECNet [14], UHD-
Four [19], Retinexformer [3], DMFourLLIE [53], Retinex-
Mamba [2] and Wave-Mamba [61].

Quantitative Results on LOL-v2-Real, LOL-v2-
Synthesis, and LSRW-Huawei Datasets. We comprehen-
sively evaluate CWNet using PSNR, SSIM, and LPIPS met-
rics, where higher PSNR/SSIM and lower LPIPS indicate
better image quality. As shown in Tab. I, CWNet achieves
superior performance across all benchmarks: PSNR of
23.60 dB on LOL-v1, 27.39 dB on LOL-v2-Real, 25.50
dB on LOL-v2-Synthesis, and 21.50 dB on LSRW-Huawei.
Particularly noteworthy is the exceptional cross-dataset
generalization from LOL-v1 training to LOL-v2-Real test-
ing, achieving the best SSIM of 0.9005 and lowest LPIPS
of 0.0383. Importantly, CWNet achieves this superior per-
formance while maintaining computational efficiency with
only 1.23M parameters and 11.3G FLOPs, significantly
outperforming parameter-heavy methods like MIRNet [52]
(31.79M) and SNR-Aware [44] (39.12M), demonstrating
effective balance between performance and efficiency.

Visualization Comparison on LOL-v2-Real and
LSRW-Huawei Datasets. We compare CWNet with state-
of-the-art methods, including FECNet [14], FourLLIE [38],
Wave-Mamba, Retinexformer [61], SKF-SNR [43], UHD-
Former [39], UHDFour [19], and DMFourLLIE [53]. As
shown in Fig. 5, while other methods improve brightness,
they often fail to maintain color and semantic consistency or
control noise. For example, FECNet, FourLLIE, and Wave-
Mamba show color deviations and noise, while Retinex-
former and SKF-SNR lack sufficient brightening. UHD-
Former and UHDFour perform better but still exhibit noise
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Figure 5. Visual comparison on LOL-v2-Real dataset.
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Figure 6. Visual comparison on LSRW-Huawei dataset.

artifacts and lack smoothness. In contrast, CWNet pro-
duces clearer, more natural, and smoother results, ensuring
semantic and color consistency, demonstrating its superior
frequency domain modeling and structural fidelity.

Visualization on LSRW-Huawei Dataset. As shown
in Fig. 6, CWNet outperforms others in clarity and detail
preservation. Methods like FECNet, SKF-SNR, and UHD-
Former show exposure and brightening deficiencies, while
CWNet achieves balanced brightness and excellent detail
retention. For additional comparisons, refer to supplemen-
tary materials.

4.3. Ablation Studies

We conduct comprehensive ablation studies on the LSRW-
Huawei dataset to evaluate the effectiveness of CWNet’s
design components. Tab. 2 presents the results across two
experimental settings:

Component Removal Analysis. We systematically re-
move key components to assess their individual contribu-
tions. Removing the causal inference mechanism results in
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a significant performance drop (PSNR: 20.87 dB vs. 21.53
dB). Similarly, ablating the feature extraction (FE) modules,
HFEB, and LFEB leads to substantial performance degra-
dation, with LFEB removal causing the most severe impact
(PSNR drops to 20.41 dB), confirming the critical role of
low-frequency processing in our dual-branch architecture.

Component Replacement Analysis. We validate the
effectiveness of our proposed modules by replacing them
with conventional alternatives. Substituting WTConv and
FFTConv with standard convolutions reduces performance
(PSNR: 21.42 dB and 21.36 dB respectively), highlight-
ing the benefits of frequency-domain processing. Re-
placing HF-Mamba with standard VMamba’s 2D-SSM
structure [36] also degrades performance (PSNR: 21.20
dB), demonstrating the superiority of our high-frequency
Mamba design. Additionally, replacing semantic maps with
global features shows performance reduction (PSNR: 21.48
dB), confirming the value of semantic guidance.

Loss Weights Analysis. We conducted comprehen-



Ablation Settings | PSNRT | SSIMT | LPIPS|
Component Removal
w/o Casual Inference 20.87 0.6375 0.1781
w/o FE 20.98 0.6387 0.1804
w/o HFEB 20.58 0.6317 | 0.1903
w/o LFEB 20.41 0.6302 | 0.1985
Component Replacement
WTConv — Conv 21.42 0.6415 0.1690
FFTConv — Conv 21.36 0.6396 0.1721
HF-Mamba — VMamba (2D-SSM) 21.20 0.6394 | 0.1735
Segmantic Maps — Global 21.48 0.6417 0.1652
CWNet 2153 | 0.6423 | 0.1631

Table 2. Ablation experiment study of CWNet. By designing abla-
tion experiments on component removal and replacement, the ef-
fectiveness of each component and composition of CWNet is fully
verified.

Loss | L1 | Losim | Lyer | Lea | Loem | PSNRT | SSIMT | LPIPS|
10 03 | 02 ] 001 | 001 | 21.53 | 0.6423 | 0.1631

A |10] 04 | 02 | 001 | 001 | 21.39 | 0.6433 | 0.1597

B | 10| 03 | 03 | 001 | 001 | 21.34 | 0.6407 | 0.1601

C | 10| 03 | 02 ] 005 | 001 | 2143 | 0.638 | 0.1614

D |10] 03 | 02 |0001| 001 | 21.17 | 0.6408 | 0.1651

E |10]| 03 | 02 | 001 | 005 | 2089 | 0.6382 | 0.1701

F [ 10| 03 | 02 | 001 | 0001 | 2094 | 0.6371 | 0.1652

Table 3. Ablation Study on Weight Configuration in Loss Func-
tions. The loss function is defined as Liotar = A1 L2+ A2Lssim +
A3Lper + AaLeca + A5 Lsem. The best and second-best results are
shown in bold and underlined respectively.

sive ablation experiments by systematically varying each
weight parameter to analyze their individual impact on per-
formance. As shown in Tab.3, different weight configura-
tions lead to varying performance across metrics. The base-
line configuration achieves the best PSNR (21.53) and the
second-best SSIM (0.6423), demonstrating strong percep-
tual quality.

These ablation results collectively validate that each pro-
posed component contributes meaningfully to CWNet’s su-
perior performance. For additional ablation studies and
downstream applications, please refer to our supplementary
materials.

4.4. Limitations

As shown in Fig.7, when facing its own degradation, such
as blurring or haze, CWNet maintains the color and light-
ing intensity of the image as much as possible compared to
other methods, yet the restoration quality is subpar. This
opens up new avenues for us to explore how to ensure more
effective recovery of low-light images that experience mul-
tiple degradation conditions simultaneously.
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Figure 7. Failure cases in multiple degradation scenarios.

Our Causal Inference

The incorporation of causal analysis serves as
precision measurement instrumentation,
ensuring causal consistency and enabling

accurate targeting of the enhancement process.

images can be o
conceptualized as patients requiring <
treatment, representing the subjects

that need enhancement. H
i Medicationiig'analogous to the network backbone,

where the back architecture directly determines
< treatment effectiveness—a well-designed backbone is
critical for successful enhancement outcomes.

Backbone
Wavelet Net

Figure 8. The connection between wavelet and causality.

5. Discussion and Conclusion

Causality-Wavelet Connection. The interpretability of
CWNet and causality-wavelet connection: Wavelet struc-
ture and causal analysis are organically integrated (Fig.8)
with causal treatment providing model interpretability. We
clarify: a) Causal Perspective: Our focus centers on causal
analysis (analogous to measurement instruments in causal
treatment), treating scene information as causal factors in
LLIE, ensuring causal consistency during enhancement. b)
Wavelet-based Backbone: To achieve causal factor consis-
tency (analogous to medication in treatment), our design
leverages low-frequency enhancement for color and bright-
ness consistency while high-frequency components incor-
porate Mamba consistency scanning to enhance detail mod-
eling and promote structural consistency.

Conclusion. In this paper, we proposed the Causal
Wavelet Network (CWNet), a novel architecture that inte-
grates causal inference with wavelet transform to address
low-light image enhancement. By leveraging causal analy-
sis, we effectively separated causal factors from non-causal
interference, ensuring both global and local semantic con-
sistency. The HFRB further refined feature extraction by
modeling wavelet frequency domain characteristics. Exten-
sive experiments demonstrate that CWNet achieves superior
performance over state-of-the-art methods, highlighting the
effectiveness of causal reasoning in enhancing image qual-
ity. This work underscores the potential of causal inference
as a powerful tool for advancing low-light image enhance-
ment.
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