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Abstract

This paper reviews the NTIRE 2025 Challenge on Day and
Night Raindrop Removal for Dual-Focused Images. This
challenge received a wide range of impressive solutions,
which are developed and evaluated using our collected real-
world Raindrop Clarity dataset [33]. Unlike existing de-
raining datasets, our Raindrop Clarity dataset is more di-
verse and challenging in degradation types and contents,
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which includes day raindrop-focused, day background-
focused, night raindrop-focused, and night background-
focused degradations. This dataset is divided into three
subsets for competition: 14,139 images for training, 240
images for validation, and 731 images for testing. The pri-
mary objective of this challenge is to establish a new and
powerful benchmark for the task of removing raindrops un-
der varying lighting and focus conditions. There are a total
of 361 participants in the competition, and 32 teams sub-
mitting valid solutions and fact sheets for the final testing
phase. These submissions achieved state-of-the-art (SOTA)
performance on the Raindrop Clarity dataset. The project
can be found at https://lixinustc.github.
io/CVPR-NTIRE2025-RainDrop-Competition.
github.io/.
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1. Introduction
Image deraining has been a long-standing research topic in
low-level image processing [39, 42, 43, 55, 75, 76, 79, 81,
89, 92], aiming to remove visual artifacts caused by rain
streaks [84] or raindrops [64] under adverse weather condi-
tions. It plays a crucial role not only in enhancing the per-
ceptual quality of images but also in improving the perfor-
mance of high-level vision tasks, such as autonomous driv-
ing and pedestrian detection. With the rapid development of
diverse backbone architectures in low-level image process-
ing [36, 38, 42, 43, 49, 61, 75, 76, 79, 81, 89, 92], several de-
raining benchmarks have been introduced, incorporating ar-
chitectures such as ResNet [42, 79, 90], Transformer [4, 82],
MLP [75], and Mamba-based frameworks [92]. Moving
beyond single-task benchmarks, recent studies have be-
gun to explore multi-task deraining methods [60, 76] or
unified frameworks capable of handling various adverse
weather conditions simultaneously, such as rain, haze and
snow removal. These multi-task deraining methods impose
new challenge to the model design, which requires higher
adaptability and generalization capabilities. Furthermore,
to enhance subjective visual quality [59, 87, 91], diffusion-
based deraining methods [7, 25, 44, 60, 70], such as Weath-
erDiff [60], have recently emerged, demonstrating promis-
ing results and opening new opportunities for advanced re-
search on image deraining.

Datasets are essential for evaluating the effectiveness of
deraining algorithms. In the early stages, rain degradation
was typically synthesized [20, 23, 24, 27, 40, 41, 48, 85,
90], as capturing paired rainy and clean images simulta-
neously is extremely challenging, even with professional
cameras and controlled environments. To address this lim-
itation, recent works have proposed methods that generate
real-world rainy degradation by utilizing the video tempo-
ral priors [79] or inserting the glass with adherent rain-
drops [62, 65, 71] and sprayed water [66]. Raindrops, as
the typical rain degradation type, usually appear on cam-
era lenses or windshields, which significantly reduces im-
age visibility in human life, posing challenges for appli-
cations like surveillance and autonomous driving. Effec-
tive raindrop removal is crucial to ensuring reliable perfor-
mance in these systems. However, most deraining datasets
overlooked the complex environment in real life. In par-
ticular, there are few raindrop-focused datasets, and most
existing datasets focus on capturing background scenes
while the camera is focused on the background. Mean-
while, these datasets and related works primarily target day-
time scenarios, with limited attention to nighttime condi-
tions [30, 32, 52, 53].

To address the aforementioned challenges, we collabo-
rate with the 2025 New Trends in Image Restoration and
Enhancement (NTIRE 2025) workshop to organize the first
Challenge on Day and Night Raindrop Removal for Dual-

Focused Images. The challenge is based on our Raindrop
Clarity Dataset [33], which contains 5,442 daytime and
4,712 nighttime raindrop image pairs or triplets. Its pri-
mary objective is to promote research on real-world rain
removal under varying lighting conditions while simulta-
neously restoring fine image textures degraded by raindrop-
induced defocus. This competition attracted a total of 361
participants, resulting in 32 teams submitting their methods
and results, which are documented in this challenge report.
We believe that this challenge will encourage further ad-
vancements of research on image deraining.

This challenge is one of the NTIRE 2025 Work-
shop associated challenges on: ambient lighting normaliza-
tion [78], reflection removal in the wild [83], shadow re-
moval [77], event-based image deblurring [72], image de-
noising [73], XGC quality assessment [57], UGC video en-
hancement [69], night photography rendering [19], image
super-resolution (x4) [14], real-world face restoration [15],
efficient super-resolution [67], HR depth estimation [88],
efficient burst HDR and restoration [35], cross-domain few-
shot object detection [21], short-form UGC video quality
assessment and enhancement [46, 47], text to image gen-
eration model quality assessment [22], day and night rain-
drop removal for dual-focused images [45], video quality
assessment for video conferencing [26], low light image
enhancement [58], light field super-resolution [80], restore
any image model (RAIM) in the wild [50], raw restoration
and super-resolution [17] and raw reconstruction from RGB
on smartphones [18].

2. Challenge
The NTIRE 2025 Challenge on Day and Night Raindrop
Removal for Dual-Focused Images is the first competition
to be organized to advance the development of real-world
image draining under different light conditions and focusing
degrees. The details of the whole challenge are as follows:

2.1. Datasets
The dataset used in this challenge is the RainDrop Clarity
dataset [33], which includes daytime and nighttime scenes
for training, validation, and testing. The original dataset in-
cludes both daytime and nighttime scenes for training and
testing: (i) the daytime raindrop dataset contains a total of
5,442 paired or triplet images, with 4,713 pairs/triplets used
for training and the remaining 729 pairs/triplets for test-
ing; Specifically, among the 4,713 daytime training image
pairs/triplets, 1,575 are background-focused while 3,138
are raindrop-focused; (ii) the nighttime raindrop dataset
consists of 9,744 paired or triplet images, where 8,655
pairs/triplets are allocated to the training set, and the re-
maining 1,089 pairs/triplets are reserved for the valida-

https://www.cvlai.net/ntire/2025/

1173

https://www.cvlai.net/ntire/2025/


tion and test set. Specifically, among the 8,655 nighttime
training image pairs/triplets, 4,143 are background-focused
while 4,512 are raindrop-focused.

In this challenge, the Raindrop Clarity dataset is di-
vided into training, validation, and testing subsets, where
the training set comprises 4,713 triplets, totaling 14,139
images, while the validation and testing sets contain 240
and 731 image, respectively. To ensure diversity and pre-
vent distribution bias, the validation and testing sets are
reorganized to maintain a balanced distribution in various
rainy scenes. In particular, during the validation and testing
phases, intermediate rain-free blurry images are withheld to
better simulate real-world application scenarios. Addition-
ally, to rigorously evaluate the robustness of the algorithms
submitted, no explicit distinction is made between day- and
night-time scenes in the validation and testing subsets. The
training set for this challenge is exactly the same as that
used in the Raindrop Clarity dataset paper [33]. The vali-
dation set of 240 images consists of 120 daytime and 120
nighttime images, each including 60 raindrop-focused and
60 background-focused samples. The test set of 731 images
contains 381 daytime images and 350 nighttime images.
Among the 381 daytime images, 294 are raindrop-focused
and 87 are background-focused. For the 350 nighttime im-
ages, 230 are raindrop-focused and 120 are background-
focused.

2.2. Evaluation Protocol
This challenge utilizes three metrics to measure the objec-
tive and subjective quality of restored images, i.e., PSNR,
SSIM, and LPIPS, respectively. The final score used for
ranking is computed by reweighting the above metrics as:

Score = 10×PSNR(Y)+10×SSIM(Y)−5×LPIPS, (1)

where (Y) denotes the PSNR and SSIM are measured with
the Y channel after coverting the image from RGB space
to the YCbCr space. For LPIPS, we first normalize the
image pixel values into the range [−1, 1], then utilize the
Alex network configuration for distance measurement be-
tween restored images and ground-truth images. PSNR and
SSIM, two widely used metrics in deraining [5, 6, 8, 54, 86]
and restoration tasks [28, 29, 31, 34].

2.3. Challenge Phases
There are two phases in this challenge, i.e., the development
and testing phases. The details are as follows.
Development Phase: In the development phase, we release
4,713 triplets, totaling 14,139 images in our Raindrop Clar-
ity dataset, including daytime and nighttime rainy images,
rain-free blur images, and their corresponding ground-truth
images, to support each team in developing their algorithms.
Moreover, we release 240 daytime and nighttime rainy im-
ages without their ground truth for validation. Each partici-

pant can upload their restored images to the challenge plat-
form by removing the raindrop with their developed algo-
rithm. Then they can obtain the corresponding final score,
PSNR, SSIM, and LPIPS. In the development phases, we
received 1264 submissions from 74 teams in total.
Testing Phases: In the testing phases, we release 731 day-
time and nighttime rainy images without their ground truth
for testing. To ensure the fairness of this challenge, we hide
the leaderboard, where each team cannot find the perfor-
mance of other teams. The final ranking is achieved with
the score in Eq. 1. In the test stage, 75 teams submitted their
final results to the challenge platform. At the end of this
competition, we received the fact sheets and source codes
from 32 teams, which are utilized for final ranking.

3. Challenge Results
We have summarized the challenge results in Table 1.
Among all submissions, Team Miracle ranked 1st with the
highest final score of 34.3518, achieving the top perfor-
mance across PSNR (27.6619) and SSIM (0.8087), as well
as a competitive LPIPS score (0.2794), despite using a rela-
tively moderate parameter count (26.89M) and no ensemble
or extra data. The 2nd place, EntroVision, delivered a final
score of 34.2145. It achieved high PSNR (27.6629) and
SSIM (0.8071) values, along with a relatively low LPIPS
(0.3038). The model benefited from the use of ensemble
and extra data. The 3rd place, IIRLab, achieved comparable
accuracy with a final score of 33.4940, PSNR of 26.9564,
SSIM of 0.7993, and LPIPS of 0.2910. Notably, it accom-
plished this while maintaining a lightweight design—using
only 11.69M parameters and 12.62GFlops, despite employ-
ing an ensemble strategy, demonstrating an excellent trade-
off between accuracy and efficiency. Overall, the table re-
veals a wide diversity in model complexity, ranging from
lightweight solutions to highly complex networks, reflect-
ing different trade-offs between performance and resource
consumption.

4. Teams and Methods
Please find the details of all 32 teams and their methods
in the Supplementary.

4.1. Miracle
This team proposes the STRRNet [68], which is de-
veloped based on Restormer [89], as shown in Fig 1.
They categorize the training images into four classes
based on lighting conditions and raindrop types:
night bg focus, night raindrop focus, day bg focus,
and day raindrop focus. As shown in Fig 2, a text embed-
der is first trained on the labeled training set using these
four categories. Then, they design a semantic guidance
module, which is added at the end of the Restormer
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Table 1. Quantitative results of the NTIRE 2025 on Day and Night Raindrop Removal for Dual-Focused Images. The best and second
results are in red and blue, respectively.

Teams Leader Final Score ↑ PSNR↑ SSIM↑ LPIPS ↓ Params. (M) GFlops (G) Ensemble Extra Data Rank

Miracle Qiyu Rong 34.3518 27.6619 0.8087 0.2794 26.89 42.33 ⊗ ⊗ 1
EntroVision Xiang Chen 34.2145 27.6629 0.8071 0.3038 16.6 129.9 ✓ ✓ 2

IIRLab Conglin Gou 33.4940 26.9564 0.7993 0.2910 11.69 12.62 ✓ ⊗ 3
PolyRain Jiyuan Chen 32.7910 26.1945 0.7701 0.2210 26 183 ✓ ⊗ 4
H3FC2Z Kaiyi Ma 32.5652 26.3954 0.7737 0.3133 36.2 120 ✓ ⊗ 5
IIC Lab Juncheng Li 32.5367 26.1606 0.7517 0.2281 45.5 230 ⊗ ⊗ 6

BUPT CAT Wenjie Li 32.4091 26.2216 0.7774 0.3172 46.1 139 ✓ ⊗ 7
WIRTeam Yubo Wang 32.2750 26.0379 0.7714 0.2954 35.84 265.88 ⊗ ⊗ 8
GURain Wangzhi Xing 32.1223 25.9473 0.7671 0.2993 25.31 87.7 ⊗ ⊗ 9

BIT ssvgg Hao Yang 31.9508 25.7955 0.7665 0.3019 68 742 ⊗ ⊗ 10
CisdiInfo-MFDehazNet Qianhao Luo 31.9346 25.7951 0.7670 0.3062 5 132 ⊗ ⊗ 11

McMaster-CV Han Zhou 31.8097 25.7445 0.7533 0.2936 11.15 158.32 ⊗ ⊗ 12
Falconi Taoyi Wu 31.6836 25.4967 0.7506 0.2638 109.59 522 ⊗ ⊗ 13
Dfusion Yongcheng Huang 31.6098 25.5081 0.7469 0.2735 - 105 ⊗ ⊗ 14

RainMamba Hongtao Wu 31.4608 25.4251 0.7509 0.2946 34.49 119 ⊗ ⊗ 15
RainDropX AbhijeetKumar 31.1777 25.1864 0.7518 0.3053 26.1 141 ⊗ ⊗ 16
Cidaut AI Marcos V. Conde 31.1667 25.3108 0.7456 0.3201 2.38 64.28 ⊗ ⊗ 17

DGL DeRainDrop Guanglu Dong 31.0267 24.9668 0.7397 0.2674 129.99 91.03 ⊗ ⊗ 18
xdu 720 Shuaibo Wang 31.0051 25.1503 0.7535 0.3360 148 205 ⊗ ⊗ 19

EdgeClear-DNSST Team Jieyuan Pei 30.8227 25.0620 0.7384 0.3246 23 175 ⊗ ⊗ 20
MPLNet Jiayu Wang 30.7730 24.6601 0.7178 0.2130 10.7 82.3296 ⊗ ⊗ 21

Singularity Subhajit Paul 30.4006 24.4232 0.7256 0.2556 46 760 ⊗ ⊗ 22
VIPLAB Ni Tang 30.3678 24.3905 0.7203 0.2452 5.97 147 ⊗ ⊗ 23

2077Agent Kaixin Deng 30.3581 24.5354 0.7209 0.2773 28 - ⊗ ⊗ 24
X-L Zeyu Xiao 30.2202 24.5935 0.7474 0.3694 12.63 120 ✓ ⊗ 25

UIT-SHANKS Pham Hoang Le Nguyen 30.0521 24.5982 0.7361 0.3814 - - ✓ ⊗ 26
One Go Go Ronghua Xu 30.0126 24.1069 0.7241 0.2671 25.31 33 ✓ ⊗ 27

DualBranchDerainNet Yuqian Chen 29.7762 24.6438 0.7247 0.4229 2.5 - ⊗ ⊗ 28
QWE Yihang Duan 29.5937 24.2767 0.6987 0.3340 - - ⊗ ⊗ 29

Visual and Signal Information Processing Team Suresh Raikwar 24.5878 21.8319 0.6018 0.6523 - - ⊗ ⊗ 30
The Zheng family group Jianhua Zheng 23.9370 21.0757 0.5524 0.5326 - - - - 31

RainClear Pioneers Qiang Li 22.7072 18.3433 0.6521 0.4314 - - - - 32

Figure 1. The framework of STRRNet, proposed by Team Miracle

Figure 2. Semantic Guidance Module of STRRNet, proposed by
Team Miracle

Figure 3. Training Strategy of STRRNet, proposed by Team Mir-
acle

encoder. This module utilizes the encoded image features
from Restormer to guide the decoder in performing distinct
image restoration operations for the four different types of
images. Additionally, they introduce a background restora-
tion subnetwork at the output of Restormer, which consists
of multiple convolutional layers to enhance image details.
The training strategy of STRRNet is illustrated in the Fig 3.
First, they train a pre-trained model on the original training
dataset. This model is then used to perform inference on all
frames within the same scene in the test set. The inferred
images may still contain residual raindrops and artifacts.
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Since the background remains consistent across different
time frames while raindrop positions vary temporally, this
motivates them to perform median fusion across multiple
frames from the same scene to obtain a median-fused
image. Due to the dynamic nature of raindrop artifacts,
their inconsistent locations across frames typically prevent
them from appearing in the median values, whereas the
stable background information is preserved. They then
treat the median-fused image as a pseudo ground truth and
use it in a semi-supervised fine-tuning phase to enhance the
model’s raindrop removal capability on unlabeled images.
Training description The Adam optimizer is used for
training, with a total of 500,000 iterations. The learning
rate is set to 0.0003 for the first 9,2000 iterations and
then gradually decays from 0.0003 to 0.000001 for the
remaining iterations. Images are randomly cropped to a
fixed size of 128×128 for network training, and geometric
image augmentation is applied. The network is optimized
using the L1 loss function and the multi-scale SSIM loss
function, with weights of 1 and 0.2, respectively. All their
experiments were conducted on an RTX 4090.
Testing description Use a sliding window to move across
the image, applying the model for rain removal on each
window. Set the sliding window size to 128×128 with an
overlap of 32. Then, obtain a median image by applying
median fusion to the images of the same scene. Finally,
perform a weighted sum of the median image and the
original image to obtain the final output.

4.2. EntroVision

Figure 4. Overview of the technique proposed by Team EntroVi-
sion for raindrop removal.

This team utilizes a two-stage approach to achieve rain-
drop removal in this challenge. The technical overview is
shown in the Fig. 4. Given the impact of multi-scale fea-
tures in image deraining [9, 12], they pre-train the derain-
ing model in the first stage using MSDT [3] on the Rain-
Drop Clarity [33] training set. To enhance the model’s gen-
eralization capability, additional pre-training is conducted
on the UAV-Rain1k [2] dataset. Then, the pre-trained de-
raining model is utilized to obtain the pseudo-ground-truth
images for testing images for the test-time learning of the
second stage.

In the second stage of the process, they performed fine-

tuning using the test samples and the generated paired
pseudo ground-truth images. This approach provides a clear
direction for transferring pretrained knowledge, rather than
simply relying on the model’s generalization ability. Subse-
quently, they process the testing inputs using this fine-tuned
deraining model to obtain the final output results. Notably,
they designed the deraining network specifically according
to the characteristics of the dataset used. To address sce-
narios where blurry and clear backgrounds might coexist,
they employ median filtering to preserve edge information
and avoid excessive blurring. Through the above two-stage
processing strategies and the specially designed median fil-
tering technique, they obtain clear deraining results.

4.3. IIRLab

Figure 5. The pipeline of the method proposed by Team IIRLab

This team observed that the raindrop dataset used in
this challenge differs significantly from existing raindrop
removal datasets. Traditional datasets primarily focus on
background clarity during image shooting, resulting in
clean backgrounds and blurry raindrops in the foreground.
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In such cases, simply removing the raindrops is sufficient
to recover a clear background. However, the dataset in this
challenge includes a notable portion of images where the
camera is focused on the raindrops during shooting, lead-
ing to clean raindrops and blurred backgrounds. This in-
troduces a new challenge: removing not only the raindrops
themselves but also mitigating background blur caused by
defocus, to ultimately recover a clean draining image.

Based on this new question, this team has chosen
the Histoformer [74] network as their raindrop removal
model, as shown in Fig 5. Histoformer is a transformer-
based model designed to restore images degraded by se-
vere weather conditions. It incorporates a histogram self-
attention mechanism, which sorts and segments spatial fea-
tures into intensity-based bins and applies self-attention
within each bin. This enables the model to focus on spa-
tial features across dynamic intensity ranges and handle
long-range dependencies between similarly degraded pix-
els. Built upon Restormer [89], Histoformer is well-suited
for addressing both raindrop artifacts and defocus blur,
making it a strong candidate for this task. Based on its
architecture and prior performance, the team chose Histo-
former as the core model for this challenge.
Training Details. This team utilized all image pairs pro-
vided in the training set, consisting of raindrop-degraded
images (Drop) and their corresponding clean background
images (Clean). From this, they extracted 1,200 image
pairs for validation, including 400 daytime and 800 night-
time samples. For training, they employed a two-stage
training strategy that combines regular training with sub-
sequent fine-tuning. In the first stage, the draining model
was trained for 300,000 iterations using the default Histo-
former configuration. In the second stage, the model was
fine-tuned for an additional 13,000 iterations using only the
L1 loss function. This progressive training approach effec-
tively enhanced model performance, leading to improved
final results.
Implememtation Details. The implementation is based
on PyTorch and was conducted on an NVIDIA RTX 3090
GPU. The network was trained for a total of 300,000 iter-
ations, with an initial batch size of 6 and a patch size of
128 × 128, following a progressive learning strategy. The
team employed the AdamW optimizer with an initial learn-
ing rate of 3×10−4 for the first 92,000 iterations, which was
then gradually reduced to 1×10−6 using a cosine annealing
schedule over the remaining 208,000 iterations. The num-
ber of blocks at each stage was set as Li∈1,2,3,4 = 4, 4, 6, 8,
and the channel dimension was fixed at C = 36. The
channel expansion factor in the DGFF module was set to
r = 2.667. The number of self-attention heads at each stage
was configured as 1, 2, 4, 8, respectively. For data augmen-
tation, horizontal and vertical flips were applied randomly
during training.

4.4. PolyRain

Figure 6. The pipeline of the method proposed by Team PolyRain

This team initialized and trained a dense X-Restormer
model with the given dataset based on Restormer [89]. Af-
ter the first training stage, they finetuned the model on a
larger patch size with different loss functions. The whole
framework of this team is shown in Fig. 6.
Training Details. The training process consists of two
phases. In the first phase, the patch size of the training im-
age is set to 256, with a batch size of 8, and a total of 3×105
training iterations. The learning rate is set to 3e−4 and L1

Loss is used as the loss function. In the second phase, the
model is fine-tuned with a 5e−5 learning rate and the im-
age patch with 448 × 448. During this phase, the model
is trained simultaneously using L2 Loss, LPIPS Loss, and
SSIM Loss with weights of 1, 0.1, and 0.1, respectively, for
5×104 iterations.
Testing Details. To enhance the robustness of the model,
the self-ensemble technique is employed. The implementa-
tion references the BasicSR library .
Implementation Details. This method is implemented
based on the famous BasicSR framework [1, 11] written in
Python. They utilized the AdamW optimizer with an initial
learning rate of 3e−4. Eight A100 GPUs were used for the
model training, lasting for about 72 hours for 300000 iter-
ations. In addition, the CosineAnnealingRestart-CyclicLR
scheduler was chosen to restart the learning rate at a setting
of [92000, 208000]. They did not use any efficient optimiza-
tion strategy or extra datasets.

4.5. H3FC2Z
This team utilizes the RDDM [56] as the deraining back-
bone and trained it with a patch size of 256 × 256. Subse-
quently, the self-ensemble strategy used in the EDSR [51]
was improved by replacing the average ensemble with their
“Dual Kmeans fusion” in the Fig. 7. Experimental re-
sults indicate that employing “Dual Kmeans fusion” [13]
increases the score of the RDDM baseline from 31.72 to
32.56.
Dual Kmeans Fusion. Given a clean image Igt, several
raindrop and blur degradations are added to Igt, obtaining

https://github.com/XPixelGroup/BasicSR
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Figure 7. Dual kmeans fusion for RainDrop task proposed by
Team H3FC2Z.

m images (I1, I2, · · · , Im). As shown in Fig. 7, taking I1
as an example, they serve flipping and rotating as augmen-
tations, generating n images (I1, I2, · · · In). Stage-1: The
baseline model processes these images and obtains prelim-
inary results ri = Baseline(Ii), where i = 1, 2, · · · , n.
The images r are flipped or rotated to a fixed angle and
Kmeans fusion is performed to obtain R1. Stage-2: Af-
ter performing the above fusion on images I, they get m
results R1, R2, · · · , Rm. they perform Kmeans fusion on
these m results to get the final result image.
Training and Testing Details. The training dataset pro-
vided in this challenge is used for model training. To im-
prove generalization, data augmentation techniques, includ-
ing rotation and flipping are applied. The model is trained
for 100,000 iterations using the AdamW optimizer with pa-
rameters β1 = 0.9 and β2 = 0.95, on a single NVIDIA
A6000 GPU. Training is conducted with a batch size of 8,
a learning rate of 3 × 10−4, and a patch size of 256×256.
During inference, the authors adopt a Dual K-means fusion
strategy to further enhance the model’s performance. Ex-
perimental results indicate that employing “Dual Kmeans
fusion” increases the score of RDDM [56] baseline from
31.72 to 32.56. Specifically, Kmeans fusion in stage one
increases the score of baseline from 31.72 to 32.26, and
Kmeans fusion in stage two increases the score of baseline
from 32.26 to 32.56.

4.6. IIC Lab
This team developed an effective frequency-aware and
Mamba-based network for image deraining, named FA-
Mamba, as shown in Fig. 8. Specifically, the key component
of the proposed framework is the Wavelet Domain Restora-
tion Module (WDRM) which contains a Dual-branch Fea-
ture Extraction Block (DFEB) that has superior local per-
ception and global modeling capabilities and a Prior-Guided
Module (PGM) that provides refined texture detail guidance
for feature extraction. It is worth mentioning that the re-

Figure 8. The pipeline of the FA-Mamba proposed by Team IIC
Lab.

fined texture details are obtained by enhancing the input
high-frequency information through the High-Frequency
Enhancement Module (HFEM).
Training Details. During training, they utilized the Adam
optimizer with a batch size of 1 and a patch size of 256
for a total of 80 iterations. The initial learning rate is fixed
at 1e−4 for 60 iterations, and then decreased to 5e−5 for
20 iterations. No data augmentation techniques were ap-
plied. The entire framework is performed on PyTorch with
an NVIDIA GeForce RTX 3090 GPU, which works in an
end-to-end learning fashion without costly large-scale per-
taining.

4.7. BUPT CAT

Figure 9. The pipeline of the method proposed by Team BUPT
CAT.

As shown in Fig. 9, this team introduces a novel Con-
sistent Patch Transformer (CPT) for dual-focused day and
night raindrop removal task, which leverages a UNet-based
architecture designed to enhance both spatial consistency
and feature representation capability. The framework com-
prises multiple Consistent Patch Transformer blocks, each
consisting of two key components: Consistent Patch Self-
Attention (CPSA) and a Feed-Forward Network (FFN). The
model utilizes the Test Time Local Converter (TLC) mech-
anism [16] to effectively revisit global information aggrega-
tion and ensure robust and consistent feature learning with
different patch sizes at training and testing. The CPSA



module is responsible for capturing both long-range depen-
dencies and spatially consistent local details. Instead of
using traditional window-based attention mechanisms, the
CPSA module integrates a TLC-based feature aggregation
and scaling strategy that maintains consistent patch sizes
during training and testing, reducing spatial inconsistencies
between training and testing.
Training Details. To reduce the training GPU memory, this
team augments the input data by randomly cropping the
input image into patches of the same size and performing
strategies such as random rotation.
Testing Details. During the testing stage, in their self-
attention part, they use the TLC strategy to segment and
aggregate the full image into a series of patches of the same
size as the training patch, and the rest of the model is the
full image. This setup can effectively improve the inconsis-
tency of the model’s patch size between training and testing,
especially in the self-attention part.
Implementation Details. This team utilizes the Pytorch
framework with the NVIDIA GeForce RTX 4090. Dur-
ing training, they set the total batch size to 8, the initial
learning rate from 5e−4 to 1e−5 with a scheduler in 500K
iterations, and the patch size is set to 192×192. For the
loss function, they use L1loss and Fourier loss to con-
strain their model with weights of 1 and 0.1, respectively.
They train their framework using the Adam optimizer with
β1 = 0.9, β2 = 0.99. They set the number of channels
to 64 in their network. The total training duration is ap-
proximately 80 hours. The training and test sets are official
datasets provided by the dual-focused day and night rain-
drop removal challenge.

4.8. WIRTeam

Figure 10. The pipeline of the method proposed by Team
WIRteam.

Inspired by recent advancements [10, 37, 63, 89] in
image restoration and image deraining, this team propose a
novel multi-scale prompt-based image deraining approach
(MPID) that incorporates both local and global attention

mechanisms, as shown in Fig. 10. Specifically, given a
degraded image I ∈ RH×W×3 , their model produces
a corresponding clear image Ī ∈ RH×W×3 through a
4-level encoder-decoder framework. In the shadow two
layers, they employ Residual Hybrid Attention Groups
(RHAG) [10] to capture detailed local features. For
deeper layers, they integrate Transformer Blocks [89] to
facilitate cross-channel global feature extraction. In the
encoding phase, acknowledging the advantages of utilizing
images at various resolutions for deraining tasks [12], they
additionally incorporate multi-scale image information
(at 1/2 and 1/4 of the original resolution) to enhance
auxiliary information during the encoding process. During
decoding, considering the dual focus on raindrop-focus
and background-focus images within the Raindrop Clarity
dataset [45]—which introduces both raindrop occlusions
and background blurring—they introduce specialized
prompt mechanism [37]. These components are designed
to address and decouple different types of degradation
factors. Notably, Prompt Block, which integrates Prompt
Generation Module (PGM) and Prompt Interaction Module
(PIM), utilizes image-specific cues to effectively guide the
image reconstruction process, thereby improving the clarity
and quality of the restored images.
Training Details. They employ the end-to-end training
methodology, training their model for 400 epochs. The
training procedure is based on the AdamW optimizer with
the decay parameters β1 = 0.9 and β2 = 0.99. The initial
learning rate is 2e-4 and gradually reduces to 1e-6 with the
cosine annealing strategy. Horizontal and vertical flips are
adopted for data augmentation. Furthermore, their training
is merely based on the Raindrop Clarity dataset provided
by the competition organizers, without the use of any extra
datasets or pretrained models.
Testing Details. During the testing phase, they preprocess
the input images by padding them to the multiple of 32.
This ensures that the dimensions of the input images are
compatible with the architecture of their method. They
don’t resort to any other means of Test-Time Augmentation
during the testing phase.
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