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Wavelet-Driven GAN with Attention Mechanism for
Improved Raindrop Removal

Muthukumar Balamurugan , Shivarama K. Holla , and Varun P. Gopi , Senior Member, IEEE

Abstract—The adhesion of raindrops to camera lenses causes
severe distortions and image aberrations, posing a major
problem for computer vision systems used in autonomous
driving, surveillance, and environmental monitoring. This
paper presents a powerful multi-scale restoration architecture,
D2W-GAN, that combines the Dual-Tree Complex Wavelet
Transform (DT-CWT) with a U-shaped network, an attention
mechanism, and Generative Adversarial Networks (GANs) to
remove raindrops. Current techniques tend to struggle with
removing artifacts introduced by raindrops and maintaining
overall image fidelity. The proposed method minimally distorts
raindrop distortions by using DT-CWT, which simultaneously
provides fine high-frequency and large-scale low-frequency
components, thereby improving the separation of the distortion.
The addition of attention mechanisms enables the network to
focus more on the regions of the raindrops, thereby improving
restoration accuracy. Refinements to the adversarial learning
framework yielded more realistic and consistent results.
The proposed method achieves balanced performance across
standard evaluation metrics and superior SSIM scores on the
RainDrop dataset, indicating better structural preservation
and perceptual quality. The results show that wavelet-based
feature extraction, feature attention, and adaptive optimization
have been successfully integrated to achieve effective image
restoration under unstable and demanding conditions.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10735

Index Terms—Single Image Raindrop Removal, Complex
Wavelet Transform (CWT), GAN, Attention.

I. INTRODUCTION

RAINY conditions heavily degrade visual data as rain-
drops stick to camera lenses, which is a significant

problem for computer vision systems. Raindrops degrade the
important details of a scene, compromise image quality, and
adversely affect object detection, recognition, tracking, and
scene interpretation. Many standard image-restoration methods
have been proposed, but removing all distortions caused by
raindrops has proven difficult, especially when they vary in
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size, shape, and intensity. Denoising diffusion models are pow-
erful generative methods capable of generating high-quality
images from noisy or damaged inputs [20], [32]. Generative
models based on scores have demonstrated high efficiency
in image restoration as conditioned models when confronted
with degraded images (e.g., images with raindrops) [21]. A
number of diffusion-based frameworks have been specialized
in restoration tasks following iterative generative processes [3],
[4]. Stable diffusion is a typical diffusion algorithm that runs
the reverse process, starting with Gaussian noise, but it is
sensitive to the quality of the degraded result and requires
a large number of sampling steps. This frequently results in
inefficiencies, particularly when trying to recover fine high-
frequency information while maintaining global low-frequency
structures. Image-to-image translation processes based on deep
learning can be broadly divided into generative models, such
as Generative Adversarial Networks (GANs), and hierarchical
models, such as Convolutional Neural Networks (CNNs).
CNN-based models continuously decompose features with
convolutional and pooling layers to allow the model to learn
both local textures and more global contextual features [15],
[17]. An example is the context-and-detail interaction net-
works, which use a coarse-to-fine restoration scheme that
entails both rain-suppression and detail-enhancement modules
to refine the result iteratively [11]. Conversely, GAN-based
models include a generator and a discriminator that assess
the validity of generated images as realistic, which helps the
generator to produce visually plausible results.
Although these designs are successful, traditional CNN de-
signs can be limited in dealing with the complexity of raindrop
removal. They can have very high computational requirements
or inadequately handle contextual information. Standard CNNs
are limited in that their depth and receptive field are relatively
shallow, and finer details of variations in rain patterns are
relatively hard to model. To overcome such challenges, recent
methods have more detailed architectures that extract multi-
scale features, employ attention mechanisms, and use percep-
tual loss functions to improve restoration performance [23],
[24], [27]. However, recognizing and rebuilding raindrop-
affected regions are difficult, as they have irregular, unclear
forms, are occluded, and often lack background information.
This challenge is exacerbated when raindrops are large and
sparsely distributed. To address this issue, discriminative net-
works were introduced to GAN-based approaches to assess the
realism of restored images. The proposed framework restores
raindrop-degraded images by integrating frequency decompo-
sition based on the Dual-Tree Complex Wavelet Transform
(DT-CWT), attention-based feature refinement, and adversarial
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learning. The main contributions of this work include the
following:

• A framework is introduced that integrates DT-CWT and
an adversarial-based approach to single-image raindrop
removal, which utilizes both spatial and frequency-
domain information.

• A multi-scale coarse-to-fine raindrop removal approach
that operates at successive levels of DT-CWT decompo-
sition was incorporated.

• A mask-guided localization approach was embedded in
the framework during the training step to focus the
removal process in the raindrop-contaminated areas of
the images. This approach has no impact on inference
time.

II. RELATED WORKS

Studies on image enhancement in poor-weather scenarios
have made substantial progress by adopting deep learning
methods, particularly GANs. Initial methods incorporated
attention mechanisms into GANs to discriminate and reject
raindrops in images [15]. A technique for detecting raindrops
was proposed using two attentions, in which artificial raindrop
images were compared with candidate areas in the input
images [17]. Although it can work under limited conditions on
raindrop geometry, the method shows minimal generalizability
when droplet sizes and shapes vary. There have also been
investigations in the field of stereo vision where multi-camera
arrangements are used to identify precipitation by measuring
differences between images and the distance from the lens
surface. The regions identified as raindrops are then filled
using texture data from adjacent regions. However, these
methods make assumptions that fail when two droplets overlap
the same background area.

A cycle-consistent network architecture was proposed to
model images as a combination of three components: a
raindrop layer, a transparency mask, and a clean back-
ground [24]. The model is a significant improvement, as it
uses high-level contextual cues to enhance low-level features
through feedback and iteration, achieving high performance
on benchmark datasets. In the same manner, a two-stage
GAN method performs preliminary coarse removal of rain-
drops before a finer phase of improving visual quality [27].
Although effective, these techniques are not universal as the
physical properties of rain droplets on lenses differ signif-
icantly from those of other weather phenomena, such as
haze, fog, or rain streaks. CNN methods have also yielded
encouraging results, especially when working with images
of small, sparsely distributed droplets. However, when large
or dense raindrops appear, the performance is impaired, and
the methods tend to produce blurred or incompletely restored
images [5], [23]. This task has been solved by using general-
purpose frameworks such as Pix2Pix [6], which uses condi-
tional GANs to examine image-to-image translation. These
models are not specifically designed to remove raindrops,
but they can still achieve promising results. Neural networks
such as CycleGAN also enable unpaired image translation,
although they struggle with transparent rain droplets that have

odd shapes and with separating them from visually similar
background areas. Alternative approaches to traditional GAN
methods have also been explored. Real-time imaging systems
based on unmanned aerial vehicles can be used for tasks
such as transmission line inspection and difference learning to
improve the performance of GANs and remove raindrops [29].
The U-Net architecture has also become popular because
of its high performance in pixel-based prediction tasks, and
its applicability for detecting and removing raindrops. Many
approaches have been proposed to address the frequency-
domain representation with adversarial learning, but they have
had unacceptable performance. The Mutual Channel Prior-
guided Dual-domain Interaction Network (MDINet) uses spa-
tial and frequency-domain interactions and an adaptive mod-
ulation scheme to handle various degradation patterns [16].
Table I shows a comparison of different methods based on
frequency domain usage, attention mechanisms, model type,
and auxiliary localization capability. Many current methods
cannot fully capture the nature of real-world raindrop artifacts,
and they are often not explicitly modeled due to factors
such as droplet shapes and orientations, and the effects of
air veils. Therefore, this paper presents an application-based
framework that represents features in the wavelet domain and
employs an attention-guided GAN, achieving balanced results
across common benchmark datasets. Transformer-based archi-

TABLE I
COMPARISON OF DIFFERENT METHODS

Method Frequency Attention Diffusion/GAN Auxiliary
Domain Localization

Resfusion × × Diffusion ×
WaveDM ✓ × Diffusion ×
MDINet ✓ ✓ CNN ×
D2W-GAN ✓ ✓ GAN ✓

tectures have enabled significant advances in image restoration
with excellent long-range performance. Restormer is a model
that uses efficient self-attention for high-resolution image
restoration [30]. PromptIR improves the model’s adaptabil-
ity to different types of degradation via prompts [14], and
DiffIR combines diffusion models with restoration methods
to ensure high perceptual quality [26]. The methods show
good performance but generally have high computational
overhead and are not ideal for online or resource-limited
systems. Unlike transformer-based approaches, the proposed
D2W-GAN combines a frequency-domain representation with
adversarial learning. The method highlights multi-scale feature
decomposition and structural consistency, which are effective
for raindrop-specific distortions, whereas transformer models
excel at capturing global dependencies. The framework builds
on several well-established deep learning components. The
DT-CWT provides improved directional selectivity and shift
invariance for multi-scale feature representation [7], [19].
The U-Net architecture, widely used for image restoration
and segmentation tasks, enables hierarchical feature extraction
through its encoder–decoder structure [18]. Attention mecha-
nisms have been extensively adopted to improve feature rep-
resentation by focusing on relevant regions [30]. Additionally,
GANs have demonstrated strong capabilities for producing
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realistic image reconstructions in image-to-image translation
tasks [27].

III. METHODOLOGY

The proposed D2W-GAN is based on the common architec-
ture of a U-Net generator, a PatchGAN discriminator, and an
auxiliary mask generator, as illustrated in Fig. 1. The generator
is based on the DT-CWT [Editor3.1] and is embedded in an en-
coder–decoder framework that enables joint spatial–frequency
processing. The encoder consists of convolutional blocks with
3×3 kernels, followed by downsampling and increasingly
higher feature channels. The decoder uses transposed convolu-
tions for upsampling, with skip connections to preserve spatial
details. The decoder uses attention modules to improve the
focus on rain-affected areas. The discriminator is based on the
PatchGAN architecture and consists of multiple convolutional
layers with LeakyReLU activations that distinguish genuine
and generated image patches. In addition, a lightweight mask
generator is used to generate soft raindrop localization maps,
based on automatically generated ground-truth masks during
training. The whole model is trained adversarially to guarantee
reconstruction fidelity and perceptual quality with the Adam
optimizer. Table II provides a summary of the architectural
configuration of the proposed D2W-GAN framework.

TABLE II
DETAILED ARCHITECTURE OF THE PROPOSED D2W-GAN

Stage Operation Kernel Channels Output Size
Input RGB Image – 3 H ×W × 3
DT-CWT L3-decomposition – 12 H/2×W/2
Encoder-1 Conv+BN+ReLU 3× 3 64 H/2×W/2
Encoder-2 Conv+BN+ReLU 3× 3 128 H/4×W/4
Encoder-3 Conv+BN+ReLU 3× 3 256 H/8×W/8
Attention Channel+Spatial – 256 H/8×W/8
Bottleneck Conv Blocks 3× 3 512 H/8×W/8
Decoder-1 UpConv 3× 3 256 H/4×W/4
Decoder-2 UpConv 3× 3 128 H/2×W/2
Decoder-3 UpConv 3× 3 64 H ×W
Output Restoration Head 1× 1 3 H ×W × 3

A. Generator and Discriminator Integration

1) Generator: A GAN consists of a generator and a dis-
criminator. The generator is based on DT-CWT and a U-
Net model, which is effective for multi-scale image process-
ing [29]. DT-CWT has superior directional selectivity and
approximate shift invariance compared to standard wavelet
decompositions, making it suitable for complex raindrop pat-
terns. Integrating DT-CWT within U-Net enables process-
ing across multiple frequency bands and raindrop removal
at different scales while preserving fine image details. The
encoder–decoder structure of U-Net supports feature extraction
at varying spatial resolutions [6]. Attention modules further
improve the generator by focusing on raindrop-affected regions
based on size and transparency, which improves background
restoration. Dynamic attention allows adaptability across di-
verse input images. Skip connections preserve spatial infor-
mation by transferring encoder features directly to the de-
coder and ensure contextual consistency. The combination of

attention mechanisms and skip connections allows simultane-
ous focus on global and local features, producing high-quality,
artifact-free images suitable for real-world applications.

2) Pix2Pix Discriminator: The discriminator distinguishes
between real clean images and generated raindrop-free images.
Pix2Pix is a conditional GAN that was designed for image-to-
image translation and evaluates whether the generator output
closely resembles the ground truth. The discriminator guides
the generator toward realistic outputs by penalizing artifacts
while preserving texture, color, and contextual information.
This training scheme ensures effective raindrop removal with-
out compromising intrinsic image structures.

B. U-Net with Attention and DT-CWT

The generator employs a modified U-Net architecture for
raindrop removal. The encoder reduces spatial resolution while
learning hierarchical features, and the decoder restores the im-
age resolution using skip connections to preserve fine details.
DT-CWT was applied at the input stage to improve frequency
and orientation awareness.

1) DT-CWT Layer: DT-CWT decomposes the input image
into low- and high-frequency components at multiple scales,
capturing detailed features essential for restoration tasks [12],
[13]. The DT-CWT operator transforms the input image I as:

x′ = W(I) (1)

s is the scale and o represents the directional sub-bands.
Unlike conventional DWT, DT-CWT provides six directional
sub-bands per scale (±15°, ±45°, ±75°) with improved shift
invariance. Reconstruction is achieved using inverse DT-CWT.
Additional implementation details are provided in the supple-
mentary material.

2) Encoder Block: The encoder progressively downsamples
the input image while increasing feature channels:

x1, r1 = Encoder(x′) (2)
x2, r2 = Encoder(x1) (3)
x3, r3 = Encoder(x2) (4)

where r1, r2, and r3 are skip connections.
3) Regularization Block: The deepest feature representation

is refined as:

x4 = Regularization(x3) (5)

4) Decoder Block: The decoder restores spatial resolution
using skip connections:

x5 = Decoder(x4, r3) (6)
x6 = Decoder(x5, r2) (7)
x7 = Decoder(x6, r1) (8)

A multi-output generator produces intermediate outputs
at reduced scales along with a final high-resolution output.
Intermediate supervision is applied using multiscale recon-
struction loss with fixed weighting coefficients (λ = 1.0),
which emphasizes the final output. This coarse-to-fine strategy
enables effective removal of raindrops with varying sizes and
densities.
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Fig. 1. Overall process of the proposed D2W-GAN using DT-CWT-based Attention GAN.

5) Final Output: The final output is obtained via:

COut = Conv(x7) (9)

Attention mechanisms, including spatial and channel attention,
guide the network toward raindrop-contaminated regions while
preserving unaffected areas. Channel attention prioritizes fea-
ture channels relevant to raindrop patterns, thereby improving
restoration quality.

6) Mask Generator for Raindrop Localization: An auxil-
iary mask generator was added to help target areas affected
by rain during training. The mask generator was designed as a
lightweight encoder–decoder, with three convolutional layers
in the encoder and three upsampling layers in the decoder. All
convolutional layers are followed by ReLU activations, and
the output layer uses a sigmoid activation to produce a one-
channel soft mask. The ground-truth masks are automatically
generated based on the differences between the image of the
raindrop and the clean target image, and then automatically
thresholded to produce binary mask representations. To guide
the network to accurately localize regions of raindrops, the
mask generator was trained with a squared error loss function
and was used only during training, which means that it incurs
no additional inference cost.

C. Loss Functions

The total training objective combines multiple loss terms:

LD =
1

2

[︁
Ey∼pdata

logD(y) + Eŷ∼pgen log(1−D(ŷ))
]︁

(10)
LG = Eŷ∼pgen

[logD(ŷ)] (11)

Lmultiscale =
1

N

N∑︂
i=1

MSE(ypred,i, ytrue) (12)

LSSIM = 1− SSIM(ŷ, y) (13)

LV GG = ∥ϕ(ŷ)− ϕ(y)∥22 (14)
LMask = MSE(m,mtrue) (15)

The total loss is

LTotal = LG + LV GG + LSSIM + Lmultiscale (16)

Although the mask loss LMask was defined separately, it was
used solely to train the auxiliary mask generator to provide
spatial guidance. It was not included in the total loss function
used to optimize the main generator network. This design
ensures that the mask generator assists in learning without
affecting the primary optimization objective.

D. Experimental Setup

Experiments were conducted on a system with an Intel Xeon
E5-2667 v3 CPU, 32 GB of RAM, and four NVIDIA Tesla
K80 GPUs. Training was performed using the Adam optimizer
with a learning rate of 2 × 10−4, β1 = 0.5, and β2 = 0.999.
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The batch size was 4, and training was performed for 1700
epochs. The dataset used was the RainDrop dataset, which
contains 861 training pairs and 58 test pairs (test set A) with an
average resolution of 720× 480. Data augmentation included
random cropping and flipping. The training alternated between
discriminator, mask generator, and generator updates.

IV. RESULTS AND DISCUSSION

A. Evaluation of the RainDrop Dataset

An analysis of alternative approaches to removing raindrops
is presented in Table III using the Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index Measure (SSIM), and
Natural Image Quality Evaluator (NIQE) as metrics. NIQE is a
no-reference perceptual image- quality metric that assesses the
naturalness of an image using statistical analyses of unaltered
natural scenes. NIQE does not depend on a reference image,
unlike PSNR and SSIM. As such, it provides additional
insight into the perceptual realism of restored outputs. A
lower NIQE score reflects an improvement in perceptual
quality. Among the assessed methods, Resfusion had good
overall performance, with the highest PSNR (32.61), the
second-highest SSIM (0.938), and the lowest NIQE (2.224),
suggesting high perceptual quality and naturalness of the
restored images. However, the proposed D2W-GAN achieved
the highest SSIM (0.949), indicating the best preservation of
structural information, while both PSNR (32.14) and NIQE
(2.230) were also competitive. The proposed architecture has
about 133 million parameters, which is much larger than
those of Resfusion (7.7 million) and RainDropDiff128 (109.7
million). This complexity offsets the added computational
cost while achieving better structural similarity and perceptual
quality, especially in fine detail. The success of the approach
based on DT-CWT is explained by its ability to perform
multi-scale and multi-resolution analysis, which allows for
the separation of raindrop artifacts, preserves high-frequency
details and low-frequency information, and helps to preserve
the image’s context. The method achieves superior structural

TABLE III
QUANTITATIVE COMPARISON ON THE RAINDROP

DATASET. VALUES ARE REPORTED AS MEAN ± STANDARD
DEVIATION (SD). THE BEST RESULT FOR EACH METRIC IS
HIGHLIGHTED IN BOLD, AND THE SECOND-BEST RESULT

IS UNDERLINED. THE SYMBOL ”↑” INDICATES THAT
HIGHER VALUES ARE BETTER, WHEREAS ”↓” INDICATES

THAT LOWER VALUES ARE BETTER. A DASH (”–”)
DENOTES THAT THE CORRESPONDING RESULT WAS NOT

REPORTED

Method Parameters RainDrop Dataset
PSNR ↑ SSIM ↑ NIQE ↓

Pix2Pix [6] – 28.02 ± 1.88 0.855 ± 0.65 2.499
AttentiveGAN [15] 6.2M 31.59 ± 1.98 0.917 ± 0.29 2.442
DuRN [10] 10.2M 31.24/– 0.926/– –
RaindropAttn [17] – 31.44/– 0.926/– –
All-in-One [8] – 31.12/– 0.927/– –
IDT [28] 16.4M 31.87/– 0.931/– –
WeatherDiff64 [32] 82.9M 30.71 ± 1.64 0.931 ± 0.04 –
RainDropDiff128 [32] 109.7M 32.43 ± 1.53 0.933 ± 0.02 –
Resfusion [20] 7.7M 32.61 0.938 ± 0.02 2.22
Proposed Method 133M 32.14 ± 1.14 0.949 ± 0.01 2.23

preservation compared to lightweight models such as Pix2Pix
and AttentiveGAN, as evidenced by higher SSIM scores and
lower NIQE values.

Although approaches such as RainDropDiff128 and Weath-
erDiff64 [32] achieve high PSNR and SSIM values, they
yield slightly less realistic outputs, as evidenced by the high
NIQE values of Resfusion [20] and the proposed approach.
The multi-scale definition provided by DT-CWT is crucial for
effectively isolating raindrop distortions from the background
and preserving key image characteristics. Although the pro-
posed method does not outperform all competing methods
across all metrics, it offers a balanced trade-off between
reconstruction accuracy and perceptual realism. This behavior
suggests that the model emphasizes structural consistency and
visual coherence, particularly in regions affected by raindrops.
Fig. 2 and Fig. 3 show a visual comparison of the Resfusion
model and the proposed D2W-GAN framework. This figure
contains the input image containing raindrops, the ground
truth image, and the outputs of the two methods. The pro-
posed method was better at removing raindrop artifacts while
retaining background elements, and it minimized distortions
left by other methods. Incorporating DT-CWT into the U-
Net framework and using attention-based feature refinement
techniques improved the retention of intricate image details in
both raindrop-present and raindrop-absent areas of the scene.
The image-wise PSNR, SSIM, and NIQE values are reported.
The relatively small standard deviations indicate uniform per-
formance across the different test images. The other methods
produce outputs at the image level, but the information is not
publicly available, and a direct paired test of the statistical
significance of those outputs cannot be performed.

B. Evaluation of the RainDS Dataset

Table IV compares the various raindrop-removal techniques
on the RainDS dataset, which consists of 248 image pairs
of real raindrop images and clean backgrounds. 98 pairs
were allocated to the test, and all the measures listed in
the table were assessed to provide objective measurements
in realistic imaging conditions. On the RainDS dataset, the
proposed method achieved a PSNR of 29.01 and NIQE of 6.41,
which are comparable to those of the best method, Resfusion.
Although Resfusion achieves a higher PSNR and SSIM, the
proposed method shows expected restoration performance
while generating visually realistic outputs. The results show
that the proposed framework generalizes to real-world raindrop
images reasonably well, but more work is needed to consis-
tently surpass state-of-the-art diffusion-based methods for all
evaluation metrics. The proposed framework is just slightly
worse than Refusion. To some degree, SSIM was lower than
that of certain other methodologies, but it largely measures
structural proximity and may fail to reflect improvements in
perception in real-world raindrop-removal scenarios, such as
high occlusion, complex lighting conditions, and a lack of
background information. NIQE is a perceptual quality metric
and was lowest for the proposed method, indicating that the vi-
suals appear more natural. Overall, the results show that when
applied to real-world raindrop-degraded images, the proposed
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Fig. 2. Qualitative reconstruction comparisons on the RainDrop dataset for test images 1–4. From left to right: (a) Raindrop images, (b)
Ground truth, (c) ResFusion, and (d) D2W-GAN.

method achieves an acceptable compromise between restora-
tion fidelity and perception-based image quality. RainDS is a
highly dense, highly irregular raindrop dataset, and its density
allows for accurate structural recovery. The proposed model
emphasizes perceptual naturalness and artifact removal over
pixel-wise structural similarity, leading to a low SSIM score.

This shows that the model has some limitations and that under
very harsh degradation conditions, fine structural consistency
can be slightly affected.
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Fig. 3. Qualitative reconstruction comparisons on the RainDrop dataset for test images 1–4. From left to right: (a) Raindrop images, (b)
Ground truth, (c) ResFusion, and (d) D2W-GAN.

C. Impact of Raindrop Removal on Object Detection

From the perspective of downstream object-detection tasks,
distortions caused by raindrops can also significantly degrade
detection accuracy. Notably, there is no significant increase
in the cost of computing D2W-GAN. The findings show that
D2W-GAN not only improves the quality of visual images but

also provides practical benefits for autonomous driving and
surveillance systems. These advantages are evident in Fig. 4.
The detection performance of the rain removal was evaluated
using the YOLOv7 and YOLOv7-D6 models. The detectors
were not fine-tuned on the raindrop dataset and were pre-
trained on the COCO dataset to make a fair assessment of
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Fig. 4. Visual impact of D2W-GAN-based raindrop removal on object detection accuracy for test images 1–4. (a) Raindrop-degraded images
with YOLOv7-d6 detections. (b) D2W-GAN-enhanced images with YOLOv7-d6 detections.

the restoration effects. We evaluated the method on the test
subset of the RainDrop dataset (58 image pairs). Common
object detection metrics were used, such as precision, recall,
F1-score, and mean average precision (mAP). An Intersection
over Union (IoU) threshold of 0.5 was applied, and the metric
was mAP@0.5. Common classes of objects in the dataset were

used in the evaluation, including vehicles and walking pedes-
trians. This configuration enables the evaluation of the benefit
of raindrop removal on the downstream detection performance
in realistic conditions. For YOLOv7 and YOLOv7-D6, the
precision metric improved by +2.4% and +11.0%, the F1
score improved by +8.0% +13.0%, respectively. Furthermore,



1210 IEEE LATIN AMERICA TRANSACTIONS, Vol. 24, No. 11, NOVEMBER 2026

TABLE IV
QUANTITATIVE COMPARISON ON THE RAINDS DATASET.

VALUES ARE REPORTED AS MEAN ± STANDARD
DEVIATION (SD). THE BEST RESULT FOR EACH METRIC IS
HIGHLIGHTED IN BOLD, AND THE SECOND-BEST RESULT

IS UNDERLINED. THE SYMBOL ”↑” INDICATES THAT
HIGHER VALUES ARE BETTER, WHEREAS ”↓” INDICATES

THAT LOWER VALUES ARE BETTER. A DASH (”–”)
DENOTES THAT THE CORRESPONDING RESULT WAS NOT

REPORTED

Method PSNR ↑ SSIM ↑ NIQE ↓
UA GAN [1] 19.72 0.60 –
CycleGAN [31] 20.38 0.69 –
AGGAN [22] 21.54 0.75 –
IDT [28] 25.67 0.71 –
UDR-S2Former [2] 26.71 ± 1.42 0.71 ± 0.45 –
Resfusion [20] 29.42 ± 0.81 0.67 ± 0.135 6.48
Proposed Method 29.01 ± 0.55 0.56 ± 0.130 6.41

the mAP increased almost twofold with the raindrop-removal
approach for YOLOv7-D6, as shown in Table V.

TABLE V
IMPACT OF D2W-GAN-BASED RAINDROP REMOVAL ON

OBJECT DETECTION PERFORMANCE

Metric YOLOv7 YOLOv7-D6 ∆ Improvement
Precision (%) 44.2 → 54.5 51.4 → 64.9 +10.3 / +13.5
Recall (%) 74.1 → 76.5 78.0 → 89.0 +2.4 / +11.0
F1 Score (%) 55.6 → 63.6 62.0 → 75.0 +8.0 / +13.0
mAP@0.5 (%) 0.1672 → 0.2789 0.2443 → 0.5078 +0.1117 / +0.2635
Avg. Inference Time (ms) 760.59 → 704.15 1115.32 → 1065.60 56.44 / 49.72

D. Computational Analysis

The computational efficiency of the proposed D2W-GAN was
evaluated by measuring the number of parameters, floating-
point operations (FLOPs), inference time, and memory con-
sumption on a typical workstation with an NVIDIA RTX 3060
(12 GB VRAM), an Intel i7 CPU, and 16 GB of RAM. The
proposed model contains approximately 133 million parame-
ters and requires 479.22 GFLOPs per 720 × 480 image. On the
specified hardware, the proposed model achieved an average
inference time of 0.2766 seconds per image (≈ 3.6 FPS)
with peak GPU memory consumption of 2.3 GB. Compared
to existing lightweight approaches, the method is computa-
tionally intensive and is better suited for applications where
restoration quality is prioritized over strict real-time con-
straints. To achieve practical deployment, compression based
on model pruning, pruning based on knowledge distillation,
mixed-precision inference, or post-training quantization [9]
could be used to reduce memory cost and latency without
further compromising restoration quality. These techniques
would make it easier to use embedded GPU platforms, such
as the NVIDIA Jetson series, in medium-latency applications.

E. Ablation Study

The proposed method was evaluated through ablation stud-
ies (Table VI and Table VII) with the RainDrop dataset [25]to
assess the contributions of different modules. In Experiments

1–3, the effects of attention and the discriminator module can
be observed. Experiment 1 (DT-CWT + attention) showed
moderate performance (PSNR 29.25, SSIM 0.785), while
Experiment 2 showed higher performance (PSNR 30.60, SSIM
0.871) as a result of introducing the discriminator. Experiment
3 illustrates that the discriminator can be used on its own
to increase performance (PSNR 30.14, SSIM 0.829). Experi-
ments 4–9 examine the influence of various wavelet configu-
rations and DT-CWT decomposition levels, with focus on the
discriminator. These variations led to gradual improvements,
but the ultimate combination of DT-CWT Level 3, attention,
and the discriminator in the proposed method yielded the best
results (PSNR 32.14, SSIM 0.949). The analysis shows that
each module alone is insufficient: attention and DT-CWT can
only enhance image quality, but removing the discriminator
results in the largest decrease in PSNR and SSIM. The results
of the ablation study indicate that DT-CWT Level 3 performs
best, offering a good trade-off between retaining local details
and broader contextual information. At lower decomposition
levels, the network captures only limited frequency-scale in-
formation, which may be insufficient to differentiate raindrop
artifacts from background texture. The third decomposition
level, however, provides richer low-frequency context and
tuned high-frequency subbands. This helps the model better
represent raindrops with different sizes, shapes, and levels of
transparency. This multi-scale representation helps to preserve
edges and fine structures while reducing distortion induced
by droplets. Discriminator and attention modules work best in
tandem. The attention module helps the generator focus on rel-
evant channels and areas affected by raindrops, while limiting
modifications to the unaltered background. The discriminator
provides adversarial guidance so that the reconstructed im-
ages resemble clean natural images. Attention, in conjunction
with the discriminator, provides adequate spatial selectivity
and visual realism while also helping to minimize blurred
reconstruction artifacts. This explains the results achieved by
the configuration that combines DT-CWT Level 3, attention,
and a discriminator, compared to the other configurations in
the ablation study.

F. Limitations

Although the proposed method has shown considerable
structural preservation on the RainDrop dataset, extremely
dense or overlapping raindrops can obscure significant portions
of the scene and occasionally cause mild over-smoothing or
texture inconsistencies. Very large or irregular droplets and
scenes with strong reflections, low light, or backlighting may
leave faint artifacts, slight color deviations, or partial blurring.
Thin structures and fine high-frequency details, such as wires
or text, can be softened when partially occluded. Training the
model on a particular RGB dataset can also lead to lower
performance in other domains, and the model’s relatively large
number of parameters can be a limitation for deployment in
low-resource settings. These limitations can be eliminated by
incorporating low-light enhancement features, applying adap-
tive exposure normalization algorithms, and training models
on a larger ensemble of raindrop and lighting conditions.
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TABLE VI
ABLATION STUDY OF THE PROPOSED D2W-GAN ON THE RAINDROP DATASET

Exp. DWT (db1) DWT (db3) DT-CWT L1 DT-CWT L2 DT-CWT L3 Attention Discriminator PSNR ↑ SSIM ↑
1 × × × × × ✓ × 29.25 0.785
2 × × × × × ✓ ✓ 30.60 0.873
3 × × × × × × ✓ 30.14 0.829
4 × ✓ × × × ✓ ✓ 30.19 0.896
5 × ✓ × × × × ✓ 30.04 0.881
6 × × ✓ × × ✓ ✓ 30.92 0.893
7 × × × ✓ × ✓ ✓ 31.04 0.914
8 ✓ × × × × ✓ ✓ 28.04 0.830
9 ✓ × × × × × ✓ 26.55 0.825

D2W-GAN × × × × ✓ ✓ ✓ 32.14 0.949

TABLE VII
LOSS-BASED ABLATION STUDY ON THE RAINDROP

DATASET

LG LV GG LSSIM LMulti PSNR / SSIM
✓ ✓ × × 29.10 / 0.894
✓ × ✓ × 31.11 / 0.928
✓ × × ✓ 29.23 / 0.884
× ✓ ✓ × 29.78 / 0.906
✓ ✓ ✓ ✓ 32.14 / 0.949

While the proposed method has shown considerable structural
preservation on the RainDrop dataset, it does not have a
superior edge in terms of PSNR or SSIM on several other
benchmark datasets. Efforts to improve performance on other
datasets would mainly focus on developing more advanced,
less computationally intensive, frequency-adaptive diffusion
and transformer architectures, as well as on improving overall
reconstruction performance while preserving the structural
advantages of the proposed framework. Another drawback is
that many methods do not publicly provide output data for
comparative analysis. Therefore, many of the methods could
not undergo statistical significance testing due to insufficient
data. In the future, we will evaluate state-of-the-art methods
within a common experimental setup to perform more rigor-
ous paired statistical tests. D2W-GAN offers better structural
preservation, and lightweight diffusion models (such as Resfu-
sion) better manage the trade-off between increased model size
and improvement in PSNR. Future work will involve designing
compact wavelet-based architectures that maintain restoration
quality while reducing computational cost.

V. CONCLUSION AND FUTURE WORK

This paper proposes a wavelet-driven D2W-GAN frame-
work with attention mechanisms to remove raindrops. The
comparison of alternative raindrop removal methods suggests
that both Resfusion and the proposed task-specific D2W-
GAN method provide an acceptable trade-off between image
quality and perceptual realism. Experiments demonstrated the
balanced performance of the proposed method when compared
to the current approaches. It does not consistently outperform
all baselines in terms of PSNR and NIQE, but it shows strong
SSIM scores, reflecting its good structural preservation. By
incorporating attention-guided adversarial learning, DT-CWT
can better manage raindrop distortions at multiple scales.
The method has high computational overhead, but it provides

good perceptual quality and reconstruction fidelity. Reducing
model complexity and improving generalization to a variety
of real-world situations will be the focus of future work.
Overall, Resfusion and D2W-GAN (when combined with DT-
CWT) achieve balanced image restoration accuracy, realism
preservation, and structural similarity. Future applications may
consider minimizing the computational needs, especially in
high-resolution or real-time applications. The methodology
can also be further developed to improve thermal cameras’
capabilities for removing long-range raindrops during unfa-
vorable weather conditions, in able visibility and detection
accuracy are important. It might also be suitable to modify
the framework for other image cleaning applications, such
as dehazing and defogging, by further fine-tuning the net-
work parameters to expand its scope. Incorporating image
fusion techniques could significantly improve the proposed
method’s efficacy by combining complementary image data
to achieve more reliable restoration results. Although the
suggested framework focuses on visual quality and struc-
tural consistency, it is more computationally complex than
other lightweight solutions. In addition to removing raindrops,
frequency-conscious representations and multi-scale learning
could be used for related image restoration and inspection
tasks, including image dehazing and industrial defect detec-
tion.
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