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Abstract

Image deraining remains a critical challenge in computer vision, as rain streaks signifi-
cantly degrade visual quality by introducing complex patterns that overlay scene content,
impeding applications from autonomous driving to surveillance systems. Existing methods
often struggle to balance global scene understanding with precise removal of rain streaks,
resulting in either residual rain artifacts or over-smoothed textures. To address this, we
propose MPINet, a Multi-Stage Progressive Illumination-Aware Network that integrates
illumination awareness and global-context modeling, which is specifically designed for
rain-removal tasks. Our architecture features a novel illumination-aware module that
generates illumination maps to enhance robustness in the varying lighting conditions
commonly encountered during rainy scenarios. The UniMetaFormer core adaptively in-
corporates global semantic information through dynamic transformations and attention
mechanisms, effectively distinguishing between rain streaks and underlying image con-
tent. Inspired by MPRNet’s multi-stage restoration framework, our network employs
a hierarchical approach with progressive patch-based processing and deep supervision
across three stages, enabling efficient integration of our illumination-aware modules while
maintaining reasonable model complexity. Experimental results verify the effectiveness
of MPINet for rain-removal tasks, demonstrating superior capability in removing rain
streaks of varying densities while preserving original image textures. On average, MPINet
outperforms MPRNet by approximately 6.5% in terms of PSNR and 1.3% in terms of SSIM
across all datasets.

Keywords: global-context modeling; illumination awareness; image deraining
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1. Introduction

Image deraining remains a central challenge in computer vision. Its aim is to recover
clear and detail-rich images from rain-degraded inputs, and it has critical applications
spanning autonomous driving, surveillance systems, and outdoor photography. Although
deep learning methods, such as U-Net [1] and transformer architectures [2], have made
significant strides, existing techniques still face limitations when dealing with complex,
non-uniform rain streaks that vary in density, direction, and appearance under different
illumination conditions [3]. These limitations primarily stem from three aspects: first, tradi-
tional feature-extraction methods struggle to distinguish rain streaks from texture details,
making it difficult to effectively balance the removal of rain and the preservation of image
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content [4]; second, most networks lack explicit perception and adaptation mechanisms for
scene illumination conditions, resulting in poor robustness when processing rainy images
captured in low light or extreme contrast scenarios [5]; finally, simple fusion of multi-scale
features often fails to leverage the intrinsic properties of rain-streak patterns at different
scales, thereby limiting the final deraining accuracy [6].

Recent efforts have sought to mitigate these issues through multi-stage architectures
and advanced feature-fusion strategies. Image deraining differs from many other restora-
tion tasks, such as denoising and deblurring, because the visual appearance of rain streaks
is strongly influenced by scene illumination. Under daytime conditions, rain streaks may
appear as thin translucent structures, whereas under nighttime, backlit, or high-contrast
conditions, they often exhibit enhanced brightness, specular reflections, and locally non-
uniform visibility. As a result, the same rain pattern can interact with the background in
markedly different ways across lighting environments. This property makes illumination
awareness particularly important for deraining in real-world scenarios. For instance, MPR-
Net [7] introduces a progressive multi-stage design that decomposes the restoration process
into manageable steps, augmented by perpixel adaptive attention for feature reweighting.
This approach effectively balances spatial fidelity and semantic understanding in tasks
like deraining. However, MPRNet’s insufficient modeling of rain streaks under varying
illumination conditions leads to suboptimal performance in complex rainy scenes. Sim-
ilarly, Restormer [3] leverages transformer-based extraction to enhance global context
yet struggles with efficient texture recovery due to self-attention complexity and insuffi-
cient handling of illumination variations. Its computational overhead fails to incorporate
illumination-aware adaptations for non-uniform lighting. The NightRain [8] achieves
effective nighttime video deraining through its two-stage approach combining adaptive
rain removal and illumination correction. NiteDR [9] achieves nighttime image deraining
through cross-view sensor cooperative learning for dynamic driving scenes. Existing de-
raining methods still face three major limitations. First, many models do not sufficiently
distinguish rain streaks from fine image textures, which often leads to either residual
rain artifacts or the loss of structural details. Second, most existing architectures lack an
explicit mechanism to perceive and adapt to scene illumination, making them less robust
in low-light, high-contrast, or non-uniformly illuminated rainy scenes. Third, conventional
multi-scale feature-fusion strategies often fail to fully exploit the scale-dependent char-
acteristics of rain streaks, thereby limiting restoration accuracy. To address these issues,
our method introduces illumination-aware guidance for lighting-adaptive restoration, a
global-context modeling mechanism for more reliable rain-content discrimination, and a
multi-stage progressive architecture for hierarchical refinement across scales. These short-
comings highlight the need for a robust framework that preserves high-frequency details via
wavelet transforms, dynamically modulates features with global and illumination-aware
mechanisms, and achieves seamless multi-scale integration.

To address these challenges, we propose MPINet, a novel multi-stage progressive
illumination-aware network specifically designed for image deraining. The choice of this
architecture is driven by a core principle: effective deraining demands the coordinated
processing of both global structures and local details while accounting for illumination
variations. We, therefore, adopt a coarse-to-fine, multi-stage strategy inspired by MPR-
Net’s framework, designed to first establish a global contextual model in the early stages,
which then guides the fine-grained rain removal in subsequent stages. MPINet extends
MPRNet’s capabilities by seamlessly integrating illumination awareness and global-context
modeling, mechanisms absent or underdeveloped in prior designs that often struggle with
rain streaks under varying lighting conditions. The core contribution of MPINet lies in the
deep integration of two synergistic mechanisms to boost deraining quality: Global-Context
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Modeling and Illumination-Aware Regulation. In the central block, we design the Unified
Meta-Transformer (UniMetaFormer) block, which incorporates a Global-Context Extractor
and dynamic transformations to efficiently inject the semantic information of the entire
image into the local-feature-processing stream, achieving effective discrimination between
rain streaks and underlying image content. Concurrently, a dedicated illumination-aware
module estimates the scene illumination map and utilizes the ICAB (Illumination Chan-
nel Attention Block) to embed illumination priors into the multi-stage feature-refinement
process, significantly enhancing the model’s resilience to diverse lighting environments in
rainy scenes—addressing the poor adaptability of prior networks to non-uniform illumi-
nation conditions during rain. MPINet adopts a progressive three-stage encoder—decoder
architecture based on MPRNet’s proven structure, complemented by deep supervision to
prevent gradient vanishing and promote stable convergence. Experimental results demon-
strate that our method achieves superior performance on image-deraining benchmarks,
with an average improvement of 6.5% of PSNR compared to MPRNet across datasets, and
particularly excels at removing rain streaks of varying densities while preserving original
image textures. The main contributions of this work are as follows:

(1) Ilumination-Aware Rain Removal: We introduce illumination awareness to gen-
erate illumination maps that guide ICABs for targeted adaptation to local light-
ing variations in rainy scenes, significantly enhancing performance under diverse
illumination conditions.

(2) Adaptive Global-Context Modeling: We propose the UniMetaFormer block with
dynamic transformations and attention mechanisms to effectively distinguish between
rain streaks and underlying image content, enabling precise rain removal without
over-smoothing textures.

(3) Enhanced Progressive Architecture: We improve upon MPRNet’s multi-stage
framework by integrating our illumination-aware modules while maintaining
reasonable model complexity, demonstrating significant performance gains in
deraining benchmarks.

The remainder of this paper is organized as follows. Section 2 reviews related work
on image deraining and illumination-aware restoration. Section 3 presents the proposed
MPINet framework and its key components. Section 4 describes the experimental settings
and reports the quantitative results, qualitative comparisons, parameter analysis, and
ablation studies. Section 5 concludes the paper and discusses the limitations and future
research directions.

2. Related Work
2.1. Image Deraining

Image deraining aims to remove rain streaks from images while preserving original
content details. Rain streaks manifest as high-frequency components with varying den-
sities, shapes, and directions, often coupled with illumination changes that complicate
the restoration process [10]. Early deraining methods employed sparse coding [11] and
Gaussian mixture models [12] to separate rain layers from background content. These
approaches relied on handcrafted priors about rain-streak properties but struggled with
complex real-world rain patterns and computational efficiency.

Deep learning has revolutionized deraining with end-to-end trainable networks that
learn to distinguish rain streaks from image content. Initial CNN-based methods [10]
utilized residual architectures to extract rain streaks directly. Subsequent approaches in-
corporated recurrent frameworks [13], attention mechanisms [14], and multi-scale feature
extraction [15] to handle varying rain densities and preserve structural details. Recent
advances include GAN-based frameworks [16], graph neural networks for spatial rea-
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soning [17], and specialized networks for nighttime scenarios where rain streaks interact
with limited visibility and uneven illumination [8,9]. Despite these advances, deraining
remains challenging due to the diversity of rain patterns across different scenes, the diffi-
culty in modeling rain accumulation effects, and the complex interaction between rain and
scene illumination.

Multi-stage networks decompose the restoration task into a coarse-to-fine progres-
sion, a structure highly effective for establishing a global context before refining local
details [18-23]. This design allows initial stages to focus on broader contextual cues, which
then guide subsequent stages of detailed reconstruction. However, simply using identical
subnetworks across stages can yield suboptimal results [7]. For instance, MPRNet [7]
introduces a multi-stage progressive architecture where encoder-decoder branches are
crucial for building contextual information at a global scale, while a high-resolution branch
preserves spatial details. Its supervised attention modules (SAM) and cross-stage feature
fusion (CSFF) ensure that this global context effectively informs local-feature refinement
across stages, achieving strong performance on deraining, deblurring, and denoising.

Recent advances have further emphasized the use of multi-stage designs for inte-
grating powerful global modeling mechanisms. DEMNet [24] leverages this structure
to generalize across degradations [24], while MSTNet [25] explicitly integrates local—-
global transformers in its multi-stage pipeline to enhance long-range dependencies for
deraining [25]. These methods build on the multi-stage paradigm not just for gradual
refinement, but as a strategic framework to inject global awareness into the restoration
process. Meanwhile, recent deraining research in 2024-2025 has increasingly explored
architectures beyond conventional CNN-only designs. Representative transformer-based
methods include SFformer [26], which introduces adaptive sparse attention and frequency-
guided feed-forward design for single-image deraining, and DBSTNet [27], which combines
a sparse-transformer branch with a U-shaped local recovery branch. In parallel, state-space-
model-based deraining methods such as DFSSM [27] have further expanded the design
space by improving long-range dependency modeling and multi-scale representation under
complex rain degradations. These developments reflect a broader trend toward integrating
global modeling, frequency-aware processing, and efficiency-oriented design in modern
deraining networks.

2.2. llumination-Aware Restoration

Illumination variations present significant challenges for image restoration tasks, par-
ticularly in deraining scenarios where low-light conditions and uneven lighting interact
with rain degradations. Early approaches to handling illumination issues employed his-
togram equalization [28] and Retinex theory [29] to decompose images into illumination
and reflectance components. With deep learning, specialized architectures have emerged
for joint illumination enhancement and restoration. Enlighten-GAN [30] introduced an
unsupervised approach using attention-guided enhancement, while KinD [31] decomposed
the restoration process into illumination-adjustment and detail-refinement stages. Recent
methods like IDT [32] leverages illumination-guided dual transformers for low-light de-
raining. Despite these advances, many deraining methods still struggle with complex
illumination patterns, as they often prioritize rain removal without adequately modeling
the interaction between lighting conditions and rain appearances. This limitation high-
lights the need for illumination-aware architectures that can explicitly reason about lighting
variations while performing restoration tasks.
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3. Framework

Our proposed MPINet is a multi-stage progressive network designed for robust
image deraining with illumination awareness, building upon the MPRNet framework [7].
The architecture decomposes the rain-removal process into sequential refinement stages,
enabling hierarchical feature learning from coarse contextual recovery to fine-grained
detail enhancement. At its core, MPINet integrates illumination adjustment modules that
normalize lighting variations before feature extraction, illumination channel attention
blocks (ICABs) that adaptively process features based on brightness characteristics, and
UniMetaFormer blocks with dynamic activation functions (DyT) for improved rain pattern
modeling. These components are strategically integrated to enhance performance in
varying illumination conditions. The overall architecture of MPINet is illustrated in Figure 1.
The details of these illumination-aware enhancements are presented in Sections 3.1-3.3.
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Figure 1. Overall architecture of the proposed MPINet and its illumination adjustment module.
(a) MPINet adopts a three-stage progressive illumination-aware restoration framework. Each stage
starts with a Conv and CALayer for shallow feature extraction. The first two stages use U-Net-style
encoder—decoder networks enhanced with UniMetaFormer blocks (DyT + ICAB) and Supervised
Attention Modules (SAM). The third stage employs an Original Resolution Subnetwork (ORSNet)
composed of ICAB-based ORBs for global detail refinement. (b) Illumination channel attention
block produces the illumination map L through multi-scale convolutions and a CALayer to provide
illumination guidance across all stages In the diagram, different colors denote different components:
light blue boxes are input/output feature maps (e.g., Degraded(I), Stage(n) features, and restored
outputs); orange denotes convolutional (Conv) layers; purple denotes the Channel Attention Layer
(CALayer); magenta denotes the UniMetaFormer module (Unified Meta-Former conditioned on
FiLM(g)), within which the red block is DyT; yellow denotes the ICAB/Original Resolution Block
(ORB); green denotes the Supervised Attention Module (SAM); blue denotes Spatial Pyramid Pooling
(SPP); and gray denotes the U-Net encoder—-decoder structure.

3.1. Illumination-Aware Module

The illumination-aware module is used to generate spatially variant illumination
guidance maps to inform subsequent processing stages about lighting conditions across the
image plane. Given an input image I € R¥>*H*W the module computes a single-channel
illumination map L € RH*W through a hierarchical feature-extraction process.
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The illumination estimation is formally defined as
L=c(WyoAog¢oWs(I)) (1)

where W5 represents a convolutional operation with 5 x 5 kernel size for capturing broad
illumination patterns, ¢ denotes the LeakyReLU [33] activation function with negative
slope parameter 0.2, A implements a channel-attention mechanism with reduction ratio
5 for emphasizing illumination-critical regions, W; indicates a point-wise convolutional
layer that produces the single-channel output, and ¢ signifies the sigmoid activation func-
tion that normalizes illumination values to the bounded interval [0, 1]. The architectural
implementation follows a sequential processing pathway where the input RGB image
undergoes progressive transformation through convolutional filtering with extended re-
ceptive fields for spatial-context capture, non-linear activation, channel-wise attention
weighting for selective feature enhancement, and dimensional reduction, culminating
in sigmoidal normalization that yields probability-like values suitable for multiplicative
feature modulation in subsequent network layers.

The resultant illumination map L encodes the spatial intensity distribution of the
input image, serving as an explicit prior that characterizes local lighting conditions. This
illumination representation provides essential guidance for adaptive processing throughout
the network hierarchy, enabling context-aware restoration that respects the physical con-
straints of scene lighting. The module establishes a foundation for illumination-informed
computation that enhances network sensitivity to lighting variations and promotes visually
coherent results across diverse illumination scenarios.

3.2. Illumination-Conditioned Attention Block

The Illumination-Aware Channel Attention Block (ICAB) implements a dual-attention
mechanism that synergistically integrates channel-wise feature recalibration with
illumination-aware spatial modulation. Given an input feature map X € R€*H>*W and an
illumination guidance map L € R*H*W the block performs sequential processing through
a residual pathway enhanced by complementary attention mechanisms. The fundamental
operation begins with a dual-convolutional body that transforms the input features as
follows: F = W, (¢(W1(X))), where Wy and W, represent convolutional layers with kernel
size k, and ¢ denotes the activation function. This transformed feature map subsequently
undergoes channel-wise recalibration through the channel attention layer: Fcp = CA(F),
which computes adaptive scaling factors based on global channel statistics to emphasize
semantically meaningful feature dimensions.

The core innovation of ICAB manifests in the illumination-aware spatial attention
mechanism, formulated as S = o¢(W5([L || X])), where | | indicates channel-wise con-
catenation and W5 denotes a convolutional operation with 5 x 5 kernel size. This spatial
attention map S € RI>H*W encodes illumination-dependent weighting coefficients that
modulate the original input features. The complete forward propagation is, thus, ex-
pressed as Y = Fca + X + X © S, where © represents element-wise multiplication. This
formulation establishes a comprehensive feature enhancement framework that simulta-
neously addresses channel-wise feature importance and spatially variant illumination
conditions, enabling contextually adaptive representation learning for illumination-robust
image restoration.

The motivation for illumination-conditioned processing is grounded in the photomet-
ric properties of rain streaks. Rain streaks are relatively consistent bright elongated patterns
whose photometric signature does not fundamentally change with scene illumination. In
contrast, scene content—particularly textures and edges—exhibits significant appearance
variation under different lighting conditions. In low-light or high-contrast environments,
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CNN features tend to conflate rain-induced intensity variations with illumination-induced
ones, leading to either residual rain artifacts or over-smoothing of scene content. By condi-
tioning feature processing on the estimated illumination map L, ICAB applies differentiated
spatial weighting across bright and dark regions of the image, where the photometric
relationship between rain streaks and background content differs. This illumination-
conditioned modulation provides the network with an explicit inductive bias to maintain
stable rain-content discrimination across varying lighting conditions, offering a principled
architectural motivation beyond purely empirical observation.

3.3. Unified Meta-Transformer Block

The Unified Meta-Transformer (UniMetaFormer) block employs a residual architec-
ture that integrates dynamic feature conditioning with illumination-aware processing.
The core innovation lies in the Dynamic Tanh Transformation module, which applies a
parameterized non-linear projection defined by D(X) = tanh(a - X) ® w + b. This transfor-
mation enables adaptive feature conditioning through learnable scaling and channel-wise
affine parameters.

The processed features then undergo illumination-aware attention through the ICAB
module, which incorporates spatial illumination guidance to enable context-adaptive
feature enhancement. Following the attention mechanism, a compact MLP branch per-
forms feature refinement through channel expansion and contraction operations. The
complete transformation maintains residual connections throughout, ensuring stable gradi-
ent propagation while effectively integrating illumination-aware processing into the feature
representation. This design achieves robust performance across varying lighting conditions
through a synergistic combination of dynamic conditioning and spatial adaptation.

3.4. Overview of the MPINet

The proposed MPINet architecture builds upon multi-stage progressive restoration
while integrating comprehensive illumination-awareness. The framework processes images
through three hierarchical stages with explicit illumination guidance.

The illumination modeling begins with the IllumAdjust module, which generates a
global illumination map L through a convolutional encoder with channel attention. This
illumination prior undergoes hierarchical downsampling to produce multi-scale representa-
tions {LD, L?), and L®)} that guide feature processing at the corresponding network levels.
The illumination modeling begins with the IllumAdjust module, which generates a global
illumination map L through a convolutional encoder with channel attention. This illumina-
tion prior undergoes hierarchical downsampling to produce multi-scale representations
(LD, L®), and L®)} that guide feature processing at the corresponding network levels.

Stage 1 employs a quad-patch processing strategy, dividing the input image into
four non-overlapping subregions. Each patch undergoes independent processing through
dedicated encoder—decoder pathways composed of Unified MetaFormer blocks. These
blocks integrate Dynamic Tanh Transformation for feature conditioning and Illumination
Channel Attention Blocks (ICAB) for illumination-aware feature enhancement.

Stage 2 processes two larger patches through enhanced encoder—decoder networks
that incorporate Cross-Stage Feature Fusion (CSFF). This stage receives concatenated
features from Stage 1 through Supervised Attention Modules (SAM), which generate
intermediate predictions while preserving spatial correspondence. This is essentially
similar to the feature-information-transfer method in the intermediate stages of MPR-
Net, but the difference is that multi-scale illumination information is integrated into the
transferred features.
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Stage 3 processes the full-resolution image through an ORSNet module composed of
cascaded ORB blocks. Each ORB incorporates multiple ICAB units with residual connec-
tions, enabling iterative refinement under global illumination guidance. The final output is
generated through a tail convolution that aggregates multi-scale features while maintaining
a residual connection to the original input.

The complete architecture demonstrates a hierarchical progression from local patch
processing to global refinement, with illumination-awareness consistently integrated
through spatially adaptive attention mechanisms and multi-scale guidance maps.

4. Experiments and Analysis

To evaluate the effectiveness of our proposed MPINet, we conducted comprehensive
experiments on several benchmark datasets for image deraining tasks. We compared
MPINet against famous methods and performed ablation studies to validate the contri-
butions of key components. All experiments are implemented in PyTorch 2.1.0 and con-
ducted on an NVIDIA RTX 4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA) with
24 GB memory.

4.1. Datasets

We evaluate MPINet through three widely used deraining-capability-assessment
datasets, specifically:

(1) Rainl00L/H [34]: A set of synthetic datasets containing light rain (Rain100L) and
heavy rain (Rain100H), both including 100 image pairs (a rainy image and its corre-
sponding clean ground truth). Rain100L features low-density rain streaks for eval-
uating models under light rain conditions. Rain100H presents a more challenging
benchmark with higher-density and more complex patterns (e.g., multi-directional)
streaks, suitable for evaluating performance under severe rain conditions.

(2) RealRainlkL/H [35]: A real-world rain dataset comprising light rain (RealRain1kL)
and heavy rain (RealRain1kH), each containing 1000 rainy—clean image pairs. These
images are collected from real scenes and combined with synthetic enhancement.
RealRain1kL provides realistic visual characteristics for light rain, while RealRain1kH
contains dense, large rain streaks and severe visibility degradation, designed to
evaluate model robustness in heavy-rain scenarios.

(3) SPA-Data [35]: A real-world dataset with 95,000 rainy—clean image pairs collected
under various weather conditions, including light rain and night scenes. We use
90,000 pairs for training and 5000 for testing.

These datasets allow us to assess MPINet’s generalization across synthetic/real, day-
time/nighttime, and single/multi-degradation settings.

4.2. Implementation Details

MPINet is trained end-to-end using the AdamW optimizer with an initial learning
rate of 1 x 1074, 31 = 0.9, and B, = 0.999. We employ a cosine annealing scheduler with a
3-epoch warmup, reducing the learning rate to 1 x 10~ over 1000 epochs. Mixed-precision
training (AMP) is used with a gradient scaler for efficiency. The batch size is 16, and
patches of size 128 x 128 are randomly cropped with horizontal flips for augmentation.
The loss function is a multi-term combination: Charbonnier loss (Lcp,,) for pixel-wise
reconstruction, edge-aware 1oss (Leqge) for structural preservation, and LPIPS (Lypps) for
perceptual quality
L = Lehar + 0.05Legge + 0.1L1prps )
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Multi-stage supervision is applied to intermediate outputs. Models are trained for
1000 epochs, with checkpoints saved every 25 epochs and the best model selected based
on validation PSNR. Pre-trained weights from ImageNet are not used, as MPINet learns
priors directly from degradation data. For evaluation, we report Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM) on the Y-channel for color images. While
LPIPS is incorporated as a perceptual-loss term during training to improve visual quality,
it is not reported as a standalone benchmark metric in Table 1 as most prior methods do
not provide corresponding LPIPS values for direct comparison. Inference is conducted at
full resolution without augmentation.

Table 1. Quantitative comparison with other image deraining methods using the Rain100L, Rain100H,
RealRain1kL, and RealRain1kH benchmarks.

Datasets Rain100L Rain100H RealRain1kL RealRain1kH
Metrics PSNR (dB) 1 SSIM 1 PSNR (dB) 1 SSIM 1 PSNR (dB) 1 SSIM 1 PSNR (dB) 1 SSIM 1
Input 29.6 0.838 13.56 0.371 22.27 0.7657 25.93 0.8651
CNN-based Methods

DerainNet 27.03 0.8841 14.92 0.5923 27.09 0.925 22.88 0.8886
DDN 32.38 0.9259 24.64 0.849 31.18 0.9172 29.17 0.8783
PreNet 37.48 0.979 29.46 0.899 - - - -
SPANet 35.33 0.969 25.11 0.827 30.43 0.947 25.76 0.9095
MPRNet 36.4 0.965 30.41 0.89 36.29 0.972 34.74 0.964
NAFNet 37 0.978 29.66 0.9 38.8 0.986 36.11 0.976
MPINet 39.93 0.9755 31.22 0.912 40.11 0.9800 36.11 0.9710
(Ours)

Transformer-based Methods
Restormer 38.99 0.978 31.46 0.904 40.9 0.9849 39.57 0.9812
PromptIR 38.34 0.983 28.69 0.877 36.99 0.973 33.61 0.953
DRSFormer 41.32 0.9887 32.07 0.9316 - - - -
Ez:il;l-)s_ 42.00 0.9900 32.86 0.9320 38.64 0.9790 36.69 0.9700

Note: We report the average PSNR (dB) and SSIM values. The results of us are marked in bold.

4.3. Main Results

To evaluate the effectiveness of our proposed MPINet model for image deraining, we
conducted extensive experiments on four widely used benchmark datasets: Rain100L [34],
Rain100H [34], RealRainlkL [35], and RealRainlkH [35]. These datasets encompass a
variety of rain-streak patterns, ranging from synthetic light rain (Rain100L) to heavy and
realistic rain scenarios (RealRain1kH). We compare our method against state-of-the-art
CNN-based approaches, including DerainNet [36], DDN [37], PreNet [19], SPANet [28],
MPRNet [7], and NAFNet [38], as well as transformer-based methods such as Restormer [3],
PromptIR [39], DRS-Former [40], and NeRD-Rain-S [41].

The quantitative results are presented in Table 1. As shown, our proposed MPINet
demonstrates competitive performance among CNN-based methods across the benchmark
datasets. Specifically, MPINet attains the highest PSNR among CNN-based approaches
on Rain100L (39.93 dB), Rain100H (31.22 dB), and RealRain1kL (40.11 dB), and achieves
comparable PSNR to NAFNet on RealRain1kH (36.11 dB). Notably, MPINet achieves this
with only 10.40 M parameters compared to NAFNet’s 17.11 M—a 39% reduction in model
size—demonstrating a more favorable parameter—performance trade-off overall.

Furthermore, when compared with transformer-based methods, MPINet remains
highly competitive. Although recent transformer architectures like NeRDRain-S and DRS-
Former achieve higher scores on some benchmarks, our CNN-based approach offers ad-
vantages in terms of computational efficiency while maintaining comparable performance.
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Notably, on RealRain1kL, MPINet’s PSNR of 40.11 dB is competitive with Restormer’s
40.9 dB. Our model maintains a favorable balance between fidelity and structural consis-
tency, as reflected by its consistently high SSIM scores across all datasets. The visualization
effects are shown in Figure 2, which demonstrates the different rain-removal results in both
daytime and nighttime conditions.

MPINet (Ours) Ground Truth
=2 U

Figure 2. Qualitative results of MPINet on the RealRainlkL dataset under different illumination
conditions. The first two rows correspond to daytime scenes, while the bottom two rows correspond
to nighttime scenes. MPINet effectively removes rain streaks while preserving structural details and
maintaining visual consistency across both well-lit and low-light environments.

It is worth noting that the advantage of illumination-aware modeling becomes less
pronounced on RealRain1kH. A possible reason is that this dataset mainly represents heavy-
rain scenarios, where severe rain occlusion and dense streak accumulation become the
dominant degradation factors. Under such conditions, the marginal benefit of illumination
guidance may be reduced because the restoration difficulty is increasingly governed by
large-scale rain interference rather than illumination variation alone. Nevertheless, MPINet
still maintains competitive performance, indicating that the proposed design remains
effective even when the contribution of illumination awareness is partially saturated in
heavy-rain scenes.
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4.4. Parameter Analysis

As evidenced in Table 2, the evolution of deraining approaches demonstrates a clear
trade-off between model complexity and representational capacity. Early CNN methods
like DDN (0.06 M) and PreNet (0.28 M) pursued extreme parameter efficiency but lacked
sufficient modeling capacity for complex rain patterns, particularly in real-world scenarios
with varying illumination conditions.

Table 2. Comparison of model parameters for different image deraining networks.

Model Params(M) FLOPs (G) @ 256 x 256
DerainNet 0.75 51.48
DDN 0.06 3.79
PreNet 0.28 59.37
CNN SPANet 0.28 -
MPRNet 3.64 141.28
NAFNet 17.11 -
MPINet (Ours) 10.40 158.4
Restormer 26.10 174.7
PromptIR 32.11 158.1
Transformer DRSFormer 33.66 242.9
NeRD-Rain-S 10.53 79.2

The parameter distribution in our MPINet (10.40 M) reflects a deliberate architectural
strategy that allocates computational resources more effectively than recent transformer-
based models. While transformer architectures like Restormer (26.10 M) and DRSFormer
(33.66 M) invest heavily in self-attention mechanisms to capture global dependencies,
our analysis suggests that much of this capacity becomes redundant for rain-removal
tasks. Instead, MPINet’s multi-perspective integration approach achieves comparable
or superior performance with approximately one-third of the parameters by focusing
computational resources on modeling critical illumination—rain interactions. The strategic
deployment of illumination-aware modules in MPINet demonstrates that architectural
innovations targeting specific physical characteristics of the degradation process can yield
greater efficiency gains than simply scaling model size. In terms of computational cost,
MPINet requires 158.4G FLOPs at an input size of 256 x 256, which remains lower than
Restormer and DRSFormer while maintaining a moderate parameter scale. This finding
challenges the prevailing trend toward ever-larger models being used in image restoration
tasks and suggests that domain-specific insights can significantly improve the parameter—
performance curve for specialized applications like deraining.

4.5. Ablation Studies

We conduct comprehensive ablation studies to evaluate the contribution of each
proposed component in our MPINet architecture. As shown in Table 3, we progressively
integrate our illumination-aware enhancements to the baseline MPRNet and evaluate
performance on the challenging RealRain1kL and RealRain1kH datasets. The addition of
the Illumination-Aware Module (IAM) provides substantial improvements of +1.12 dB
and +0.44 dB PSNR on the respective datasets, demonstrating the importance of explicit
illumination modeling.

Further incorporating the Illumination-Conditioned Attention Block (ICAB) yields
additional performance gains, with PSNR improvements reaching +2.24 dB and +0.73 dB
over the baseline. The integration of UniMetaFormer with Dynamic Tanh (DyT) activation
further enhances feature-representation capabilities, contributing to consistent performance
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improvements. The full MPINet architecture achieves significant gains of +3.82 dB and
+1.37 dB PSNR on RealRainlkL and RealRainlkH, respectively, compared to MPRNet,
validating the effectiveness of our illumination-aware design for robust rain removal under
various lighting conditions.

Table 3. Ablation study on the components of MPINet compared to the baseline MPRNet.

RealRain1kL RealRain1kH

Model Configuration

PSNR SSIM PSNR SSIM
MPRNet (Baseline) 36.29 0.972 34.74 0.964
+Illumination-Aware Module 37.41 0.974 35.18 0.967
+Illumination-Conditioned Attention (ICAB) 38.53 0.976 35.47 0.969
+UniMetaFormer 39.42 0.978 35.83 0.970
MPINet 40.11 0.980 36.11 0.971

Note: Experiments conducted on RealRain1kL and RealRain1kH datasets.

4.6. Generalization Studies

To investigate the cross-dataset generalization capabilities of our proposed MPINet,
we conducted experiments by training the model on different rain datasets and evalu-
ating its performance on the unseen SPA-Data benchmark. As shown in Table 4, the
model trained on RealRain1kL demonstrates the strongest generalization ability, achieving
33.38 dB PSNR and 0.9501 SSIM on SPA-Data. This significantly outperforms models
trained on synthetic datasets Rain100L and Rain100H, which achieve lower PSNR values
of 31.57 dB and 30.33 dB, respectively.

Table 4. Generalization capability of MPINet when trained on different datasets and evaluated
on SPA-Data.

SPA-Data
Training Dataset
PSNR SSIM
RealRain1kL 33.38 0.9501
RealRain1kH 32.32 0.9455
Rain100L 31.57 0.9107
Rain100H 30.33 0.8989

The superior generalization performance of models trained on real-world rain datasets
(RealRain1kL and RealRain1kH) highlights the importance of using realistic training data
for practical deraining applications. Notably, the illumination-aware design of MPINet
enables it to better handle the diverse lighting conditions present in real-world scenarios,
facilitating more effective knowledge transfer across different datasets. These results
demonstrate that our model not only performs well on its training distribution but also
generalizes effectively to unseen rain patterns and scenes.

5. Conclusions

We present MPINet, a novel illumination-aware enhancement of the MPRNet frame-
work that significantly improves deraining performance through the integration of multi-
perspective feature extraction, illumination-guided modulation, and efficient context
modeling. By explicitly addressing the critical relationship between illumination con-
ditions and rain-streak appearance, our proposed architecture advances beyond MPR-
Net’s multi-stage progressive design while strategically balancing model capacity and
computational efficiency.
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Extensive experiments validate the effectiveness of our improvements. Compared to
the base MPRNet architecture, our illumination-aware modifications achieve consistently
better performance across multiple deraining benchmarks. MPINet maintains strong quan-
titative metrics on standard datasets while significantly outperforming previous methods
on real-world rainy images with challenging illumination variations. The performance
gains are particularly evident in complex scenes where rain characteristics vary with light-
ing conditions, confirming that our illumination-aware adaptations successfully address
limitations in existing progressive-restoration frameworks.

Limitations remain. Despite our improvements, MPINet still has several failure cases.
In extremely low-light scenes accompanied by motion blur, the illumination estimation
may become less reliable, which can weaken the subsequent feature-modulation process.
Similarly, in cases with strong specular reflections or highly irregular rain patterns, the
network may confuse bright rain streaks with fine background structures, leading to
either incomplete rain removal or slight detail smoothing. These failure cases suggest that
more robust illumination estimation and degradation disentanglement remain important
directions for future work.

Overall, MPINet demonstrates how targeted, illumination-aware modifications to
progressive restoration architectures can yield significant performance improvements for
image deraining. By optimizing MPRNet’s foundation with our proposed enhancements,
we are advancing the field toward more robust restoration techniques that are applicable in
real-world scenarios with varied lighting conditions.
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