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Abstract

This paper presents an overview of NTIRE 2025, the First
Challenge on Event-Based Image Deblurring, detailing the
proposed methodologies and corresponding results. The
primary goal of the challenge is to design an event-based
method that achieves high-quality image deblurring, with
performance quantitatively assessed using Peak Signal-to-
Noise Ratio (PSNR). Notably, there are no restrictions on
computational complexity or model size. The task focuses
on leveraging both events and images as inputs for single-
image deblurring. A total of 199 participants registered,
among whom 15 teams successfully submitted valid results,
offering valuable insights into the current state of event-
based image deblurring. We anticipate that this challenge
will drive further advancements in event-based vision re-
search.

∗ L. Sun (lei.sun@insait.ai, INSAIT, Sofia University “St. Kliment

Ohridski”), A. Alfarano, P. Duan, S. Su, K. Wang, B. Shi, R. Timofte, D.

P. Paudel, and L. Van Gool were the challenge organizers, while the other

authors participated in the challenge.

Appendix A contains the authors’ teams and affiliations.

NTIRE 2025 webpage: https://cvlai.net/ntire/2025/.

Code: https://github.com/AHupuJR/NTIRE2025 EventDeblur challenge.

1. Introduction

Traditional camera output frames with relatively long expo-

sure time in a fixed framerate. In contrast, event cameras, a

kind of neuromorphic sensor, asynchronously capture pixel-

wise intensity changes with high temporal resolution [12],

and have been applied in various fields such as computa-

tional imaging [32, 39–41, 43], human pose estimation [2],

depth estimation [30, 34], image segmentation [1, 56], etc.
.

In recent years, significant efforts have been dedicated to

event-based image restoration. Among various tasks, event-

based image deblurring has gained the most attention, as the

high temporal resolution of event cameras provides valu-

able priors for motion deblurring [39–41]. Notably, these

methods operate under the assumption that input images

and events are spatially aligned—a condition that applies

to all approaches discussed in this paper.

In conjunction with the NTIRE 2025 Workshop on New

Trends in Image Restoration and Enhancement, the Event-

Based Image Deblurring Challenge was organized. The ob-

jective is to develop a network architecture or solution that

effectively integrates events and images to enhance image

deblurring performance. We hope that this challenge will

serve as a starting point for promoting event-based image

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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enhancement on a broader stage and contribute to the thriv-

ing development of the event-based vision community.

This challenge is one of the NTIRE 2025 Work-

shop associated challenges on: ambient lighting normaliza-

tion [47], reflection removal in the wild [51], shadow re-

moval [46], event-based image deblurring [42], image de-

noising [44], XGC quality assessment [27], UGC video en-

hancement [37], night photography rendering [10], image

super-resolution (x4) [4], real-world face restoration [5], ef-

ficient super-resolution [36], HR depth estimation [53], ef-

ficient burst HDR and restoration [19], cross-domain few-

shot object detection [11], short-form UGC video quality

assessment and enhancement [22, 23], text to image gener-

ation model quality assessment [13], day and night raindrop

removal for dual-focused images [21], video quality assess-

ment for video conferencing [16], low light image enhance-

ment [28], light field super-resolution [48], restore any im-

age model (RAIM) in the wild [25], raw restoration and

super-resolution [7] and raw reconstruction from RGB on

smartphones [8].

2. NTIRE 2025 Event-Based Image Deblurring
Challenge

The goals of this challenge include: (1) promoting research

in the area of event-based image deblurring, (2) facilitating

comparisons between various methods, and (3) providing a

platform for academic and industrial participants to engage,

discuss, and potentially establish collaborations. This sec-

tion delves into the specifics of the challenge, including the

dataset, challenge phases and evaluation criteria.

2.1. Dataset
The HighREV dataset [40] is used for both training and

evaluation in this challenge. It consists of 1,771 sets of

blurry images, corresponding events, and sharp images for

training. Additionally, 421 sets are provided as validation

data during the development phase, ensuring a comprehen-

sive benchmark for assessing model performance.

2.2. Tracks and Competition
The aim is to obtain a network design capable to produce

high-quality results with the best performance measured by

PSNR for event-based image deblurring.

Challenge phases Participants were given access to train-

ing images from the HighREV dataset. During the valida-

tion phase, they could use 421 images from the validation

set for model tuning. In the test phase, evaluation was per-

formed on 271 images from the test set. To ensure a fair

assessment, the ground-truth images for the test phase re-

mained hidden from participants throughout the challenge.

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

Team Rank PSNR (primary) SSIM

IVISLAB 1 42.79 0.9196

MiVideoDeblur 2 42.70 0.9281

404NotFound 3 42.09 0.9300

Give it a try 4 40.37 0.9234

BUPTMM 5 40.21 0.9179

WEI 6 39.46 0.9171

DVS-WHU 7 39.26 0.9101

PixelRevive 8 39.12 0.9112

CHD 9 38.56 0.9055

SMU 10 38.30 0.9047

JNU620 11 37.63 0.9019

colab 12 36.84 0.8962

CMSL 13 31.81 0.8900

KUnet 14 29.42 0.8600

Group10 15 25.93 0.8200

Table 1. Results of NTIRE 2025 Event-Based Image Deblurring

Challenge. PSNR and SSIM scores are measured on the 271 test

images from HighREV dataset. Team rankings are based primarily

on PSNR.

Evaluation protocol Since the aim of this challenge is

to foster the development of accurate event-based image

deblurring networks, PSNR and SSIM on the 271 test-

ing images are used as the quantitative evaluation metrics.

A code example for calculating these metrics is available

at https://github.com/AHupuJR/NTIRE2025 EventDeblur

challenge. The code of the submitted solutions and the pre-

trained weights are also available in this repository.

3. Challenge Results
Table 1 shows the final rankings and test results of the par-

ticipated teams. The implementation details of each team

can be found in Sec.4, while team member information

can be found in Appendix A. IVISLAB achieved the first

place in terms of PSNR, followed by MiVideoDeblur and

404NotFound as the second and third place, respectively.

3.1. Participants
The challenge attracted 199 registered participants, with 15

teams successfully submitting valid results.

3.2. Main Ideas and Architectures
Throughout the challenge, participants explored various in-

novative techniques to improve deblurring performance.

Below, we summarize some of the key strategies employed

by the top-performing teams.

1. Hybrid architectures demonstrated strong perfor-
mance, with all top-3 teams utilizing a combination

of transformers and convolutional networks. This ap-

proach leverages global features extracted by transform-

ers alongside local features captured by convolutional
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layers, both of which contribute to effective event-based

image deblurring. Besides, both spatial and channel

attention mechanisms play a crucial role in enhancing

overall performance.

2. Pretrained weights matters. The winning team, IVIS-

LAB, leveraged a backbone model initialized with pre-

trained weights from ImageNet, demonstrating the ad-

vantages of transfer learning in event-based image de-

blurring.

3. Cross-modal fusion proves beneficial. Several teams

adopted EFNet [39] and REFID [40, 41] as a base-

line model to fuse features from the event and image

branches.

4. Effective training strategies. Both the second and

third-place teams employed progressive learning tech-

niques during training. Additionally, the winning team

utilized a large patch size (512×512), which contributed

to improved performance.

5. Incorporating a novel Mamba-based architecture.

Integrating features from both image and event modal-

ities is crucial for enhancing the reconstruction quality

of event-based deblurring methods. Team DVS-WHU

introduced an innovative Mamba-based architecture to

achieve more effective fusion.

3.3. Fairness
To maintain fairness in the event-based image deblurring

challenge, specific rules were implemented, primarily re-

garding the datasets used for training. Participants were

permitted to use external datasets for training. However,

incorporating the HighREV validation set, whether sharp

or blurry images, was strictly prohibited, as this set served

to evaluate the overall performance and generalizability of

the models. Additionally, the use of HighREV test blurry

images for training was not allowed. On the other hand,

employing advanced data augmentation techniques during

training was considered an acceptable practice.

4. Challenge Methods and Teams
4.1. IVISLAB
To achieve image deblurring, team IVISLAB introduces

the Triple Event-stream Image Deblurring Network (TEI-

DNet). As depicted in Figure 1, TEIDNet converts con-

secutive events into event voxels at three temporal scales to

perceive motion information from blur images and capture

fine edges for reconstructing clear images. Furthermore,

TEIDNet integrates Shift Window Attention and Channel-

Wise Attention blocks to capture local and global contexts,

thereby enhancing deblurring accuracy.

4.1.1. Network Architecture
TEIDNet adopts an encoder-decoder architecture to process

images and triple-stream event voxels, aiming to estimate

Sharp Image

TEIDNet

Conv Layer

Swin Block

Channel Att

Triple-stream
Event Voxels

Blur Image

Figure 1. The model architecture of TEIDNet, proposed by Team

IVISLAB.

the deblurred image. Specifically, when deblurring the im-

age at frame t, TEIDNet considers that the long-term event

stream surrounding frame t can aid in motion perception.

Therefore, it voxelizes the event data from frame t − Tl to

frame t + Tl into a b-bin event voxel Vl,t. Simultaneously,

since the short-term event stream around frame t can help

reconstruct high-frequency textures, TEIDNet voxelizes the

event data from frame t − Ts to frame t + Ts into a b-bin

event voxel Vs,t. Furthermore, to mitigate color artifacts

by leveraging higher-resolution motion information near the

current frame, TEIDNet voxelizes the event data from frame

t−Tm to frame t+Tm into a b-bin event voxel Vm,t. Subse-

quently, the event voxels Vl,t, Vs,t, and Vm,t, along with the

blur image Ib, are concatenated and fed into the network.

To effectively fuse the features from the image and event

voxels, TEIDNet employs convolutional layers to generate

fused feature representations. The network then utilizes a

dual-branch encoder. The first, a complex branch extracts

high-level semantic information from the fused features by

leveraging shift window attention to capture local context

and channel-wise attention blocks to capture global context.

The second, a simple branch utilizes convolutional layers to

capture fine-grained details from the fused features. Next,

TEIDNet’s decoder integrates multiple shift window atten-

tion blocks to fuse and upsample the features extracted by

the dual-branch encoder. Finally, convolutional layers are

employed to predict the deblurred image It.

4.1.2. Loss Function
To train TEIDNet, they define a reconstruction loss Lr for

the estimated deblurred image It as follows:

Lr = λ1 L1(It, I
gt
t ) + λ2 L2(It, I

gt
t ) (1)

Here, λ1 and λ2 are coefficients that balance the loss terms.

The function L1(·, ·) represents the mean absolute error,

while L2(·, ·) denotes the mean squared error. The term Igtt
refers to the ground truth image at frame t.

4.1.3. Implementation Details
TEIDNet is implemented using PyTorch on four Nvidia L20

GPUs. During training, a batch size of 16 is utilized, with
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Figure 2. The framework of DASTF-Net, proposed by Team

MiVideoDeblur.

input data dimensions of 512 × 512 pixels. The network

weights are optimized over 1000 epochs using the AdamW

optimizer, with an initial learning rate set to 2 × 10−5. A

cosine annealing scheduler is employed to decay the learn-

ing rate progressively. In addition, they take the checkpoint

with good performance and perform a second finetune. To

mitigate overfitting, data augmentation techniques such as

random flipping and rotation are applied. They also ini-

tialize the backbone network parameters using weights pre-

trained on ImageNet. The specific coefficients and parame-

ters are defined as follows: number of bins b = 7, long-term

temporal window Tl = 5, medium-term temporal window

Tm = 1, short-term temporal window Ts = 0, and loss

function weights λ1 = 1, λ2 = 1.

4.2. MiVideoDeblur
Introduction. As illustrated in Fig. 2, their team

proposed the Dual Attention Spatio-Temporal Fusion

Network(DASTF-Net). Motivated by EFNet [39], their

model employs a two-stage encoder-decoder architecture.

Initially, two encoders separately extract multi-scale fea-

tures from both the image and event data. Based on

the EGACA module [40] and the FAF module [45], they

have designed the Temporal Fusion Residual Block (TFRB)

and Multi-Scale Cross-Attention Fusion Block (MSCAFB),

which perform feature fusion in the temporal and spatial di-

mensions, respectively. By incorporating a dual-attention

mechanism, these modules effectively enhance the model’s

performance. Following feature fusion, the fused features

are fed into a Restormer [55], which further leverages the

feature information to improve the model’s performance.

Training strategy. They employed a four-stage train-

ing strategy. In the first stage, the network was trained for

160k iterations using the PSNRLoss function. AdamW Op-

timizer was used, with an initial learning rate of 2e-4 and a

cosine annealing learning rate schedule for updates. Subse-

quently, in the second stage, data augmentation techniques

were introduced, which included adding random Gaussian

noise and applying random scaling to the input data. Build-

ing upon the model from the first stage, the training contin-

ued for 80k iterations with an initial learning rate of 1e-4.

For the third and fourth stages, the patch size was progres-

sively increased from 256 to 320 and then to 480. The net-

work was trained for 40k iterations in the third stage and

45k iterations in the fourth stage.

4.3. 404NotFound

Their team proposes EV-Deblurformer[26], a framework

consisting of two complementary models designed to fully

leverage the temporal dynamics of video sequences and the

rich texture details present in single images. The frame-

work includes two distinct components: Video-SFHformer,

developed for video-based deblurring, and EFSformer, tai-

lored for single-image deblurring. In Video-SFHformer,

they introduce STFBlock to enhance the model’s capac-

ity for long-range temporal modeling. In EFSformer, they

incorporate STEFusionBlock, which fuses event features

from the frequency domain to improve spatial detail restora-

tion. To achieve optimal performance, as shown in Sec-

tion 4.3.3, a sequence-level ensemble strategy is employed

to merge the outputs of both models. A progressive training

scheme is also adopted to enhance robustness and effective-

ness.

4.3.1. Overall Pipeline
Figure 3 illustrates the overall architecture of their proposed

method, EV-Deblurformer. This approach, built upon the

two models: Video SFHformer and EFSformer, fully ex-

ploits the rich temporal dynamics and sharp edge informa-

tion provided by event data. For the video deblurring model,

they propose the Video-SFHformer based on SFHformer.

For the single-image motion deblurring model, they pro-

pose the EFSformer built on EFNet[39].

4.3.2. Implementation Details
They implement their proposed network via the PyTorch

2.1.2 platform. Adam optimizer with parameters β1 = 0.9
and β2 = 0.999 is adopted to optimize their network. Mo-

tivated by [55] they introduce the progressive training strat-

egy. The training phase of their network could be divided

into two stages:

(1) Initial training of EV-Deblurformer. They use a

progressive training strategy at first. For the video-based

motion deblurring model, they start training with patch

size 152 × 152 with batch size of 16 for 250K itera-

tions. The patch size and batch size pairs are updated to

[(1922, 12), (2562, 8), (3042, 8)] at iterations [250K, 200K,

150K]. The initial learning rate is 2×10−4 and remains un-

changed when patch size is 192. Later, the learning rate is

set to 1× 10−4 and 7× 10−5 for patch and batch size pairs

of (2562, 8) and (3042, 8), respectively. They employ a
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STEFusion
Block

(a) EV-Deblurformer (b) Video-SFHformer

(c) Spatio-Temporal Feature Extraction Block (STFBlock)

(d) EFSformer

Figure 3. The architecture diagram of EV-Deblurformer, proposed by Team 404NotFound, is designed for event-guided motion deblurring.

cosine annealing learning rate decay strategy, gradually re-

ducing the learning rate. For the single-image-based motion

deblurring model, They begin training with a patch size of

192×192 and a batch size of 12 for 250K iterations. During

training, patch size and batch size pairs are progressively

updated to (2562, 10), (2882, 8), and (3202, 8) at 36K,

24K, and 24K iterations, respectively. The initial learn-

ing rate is set to 5 × 10−4, and later adjusted to 1 × 10−4,

7× 10−5, and 5× 10−5 corresponding to the updated patch

and batch size configurations. A cosine annealing schedule

is employed to gradually decay the learning rate through-

out the training process. The first stage is performed on the

NVIDIA RTX 4090 GPU. They obtain the best model at

this stage as the initialization of the second stage.

(2) Fine-tuning EV-Deblurformer. For the video-

based motion deblurring model, they start training with a

patch size of 320 × 320 and a batch size of 4 for 150K it-

erations. The initial learning rate is set to 1 × 10−5 and is

adjusted to 1×10−7 using a cosine annealing schedule, over

a total of 150K iterations. They use the entire training data

from the challenge without applying any data augmentation

techniques. The exponential moving average (EMA) is em-

ployed for the dynamic adjustment of the model parameters.

For the single-image-based motion deblurring model, they

adopt the same training strategy as used in the video-based

motion deblurring model. The second training stage is con-

ducted on an NVIDIA RTX 4090 GPU.

(3)Evaluation Metrics They utilize two widely adopted

reference-based evaluation metrics—Peak Signal-to-Noise

Ratio (PSNR) and Structural Similarity Index Measure

(SSIM)[49]—to evaluate the effectiveness of their method,

following prior works[3, 24, 54, 55]. Higher PSNR and

SSIM values generally reflect better performance in image

restoration tasks.

4.3.3. Ensemble Strategies

Ensemble learning has been proven to be an effective tech-

nique in image restoration. Its most basic application in-

volves integrating the outputs of multiple models and ap-

plying a fusion strategy to achieve results with better gener-

alization and greater stability in restoration quality.

The HighREV-test dataset consists of four sequences.

Among them, one is an outdoor scene, which differs

markedly from the other three in terms of object diver-

sity, texture richness, and color composition. Based on

this observation, they explore a sequence-level ensemble

strategy that selectively exchanges outputs between Video-

SFHformer and EFSformer.
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Figure 4. An overview of the method proposed by Team

BUPTMM: They set the weights for the fusion, with α set to 0.6

and β to 0.4.

Specifically, they start with the best-performing Video-

SFHformer model and replace the output of the outdoor se-

quence in the HighREV-test set with the corresponding re-

sult generated by EFSformer. The results in Table 1 show

that their approach yields the best performance, achieving

the highest SSIM score and ranking third overall in the

NTIRE Event-Based Image Deblurring Challenge.

4.4. Give it a try

4.4.1. General method

This submission is mainly based on the public code of an-

other team. Models used in this submission are EFNet att

track fusion and EFNet att track fusion new, which can be

found at archs or archs/tested. They change the training

strategy, finetune the models and combine two best models

to push the limits of scoring.

• How event modality is utilized in the deblurring process:

They used the given SCER format event voxels in train-

ing, validating and training. The usage is as same as orig-

inal EFNet [39] since new networks retain the encoder

module of the baseline.

4.4.2. Implementation details
• Training:

In the first stage of training, all models are trained for

2 × 105 iterations with a batch size of 16 by PSNR loss

function with AdamW optimizer. In each training batch,

each paired images and event voxel are randomly cropped

to 256×256 and augmented by random flipping and rota-

tion. The learning rate is initialized as 3×10−4, and a co-

sine annealing scheduler is used to drop the final learning

rate as 10−7. They finetuned the models obtained from

the first stage with a patch size of 512×512. At this stage,

all models are trained for another 2 × 105 iterations with

a batch size of 4 and the learning rate drop from 2×10−5

to 10−6. Models are validated for every 104 iterations.

Other settings remain unchanged.

• Validating and Testing:

They chose the highest validated models for each network

during the fine-tuning stage and average two models’ out-

put as final result to improve robustness.

4.5. BUPTMM

4.5.1. Architecture
Our solution is built on EFNet[39] and STCNet[52]. In-

spired by [50], they introduce a detail enhancement module

that follows the EFNet prediction stage. The whole pipeline

is illustrated in Fig. 4. The detail enhancement module

adopts a simple U-Net structure.

4.5.2. Implementation Details
Both EFNet and STCNet are initialized with pre-trained

GoPro checkpoints. They fine-tune them separately using

the NTIRE official training dataset without additional data,

aside from the pre-trained GoPro weights. The patch size is

set to 1024×1024, and they employ the CosineAnnealingLR

scheduler to adjust the learning rate.

The key differences in the training strategies for EFNet

and STCNet are as follows:

For EFNet, they train EFNet for 100k iterations with a

batch size of 4 using 4 NVIDIA H800 GPUs. The optimizer

is AdamW with an initial learning rate of 2e-4. They gener-

ate the event voxel grid following the official script, setting

the bin size to 24. Due to differences in the event encoder’s

channel size, they extended the pre-trained GoPro check-

point weights from 6 to 24 bins. The loss function consists

of the L1 loss, the Charbonnier loss, and the Sobel loss, with

respective weights of 1.0, 0.5, and 0.5. Unlike the official

EFNet implementation, they do not apply a mask between

the two stages.

ForNet, they train STCNet for 1000 epochs with a batch

size of 8 using 4 NVIDIA H800 GPUs. The optimizer is

Adam with an initial learning rate of 2e-4. They use the of-

ficial event voxel grid with a bin size of 6. The loss function

is the Charbonnier loss.

4.6. WEI

Since REFID [40] is an excellent method of event-based

blurry video frame interpolation (VFI), considering the dif-

ferences in modeling image deblurring and VFI problems,

they adapt the REFID structure to fit the image deblurring

challenge. As shown in Fig. 5, they develop a Bi-directional

Gathered Recurrent Network (BGRN) for event-based im-

age deblurring.

4.6.1. Network Architecture
Following REFID [40], the events within the exposure

time (t − Δt → t + Δt) are represented as a voxel grid

Vt−Δt→t+Δt ∈ R
(M+1)×H×W , where M is set to 9. Fur-

thermore, they divide the voxel Vt−Δt→t+Δt into two seg-

ments Vt−Δt→t and Vt+Δt→t to perform forward and back-

ward iterations, respectively.

The BGRN consists of image and event branches. Only

a blurry image Bt is fed into the image branch, and the
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Figure 5. The architecture of the Bi-directional Gathered Recurrent Network (BGRN), proposed by Team Wei, is designed for event-

based image deblurring and serves as an enhanced reconfiguration network for REFID. [40]. “EVR Block”: event recurrent block [40],

“EGACA”: event-guided adaptive channel attention [40], “SConv”: strided convolution, “TConv”: transposed convolution, “Bi-Fusion”:

bidirectional fusion.

network output is the corresponding sharp image Ît. Be-

sides, they split the original event branch into a forward re-

current branch and a backward recurrent branch, which re-

spectively and recurrently consumes sub-voxels of forward

event voxel Vt−Δt→t and backward event voxel Vt+Δt→t in

a gathered way. In each recurrent iteration, the sub-voxel

Vsub ∈ R
2×H×W is fed to the event branch, which en-

codes the event information for the latent frame. To fuse

the features obtained from forward and backward recurrent

branching, the outputs of both directions are fed into a chan-

nel cascade and 1×1 convolution at each scale (“Bi-Fusion”

in Fig. 5). Then, they are added element by element with

the features of the corresponding scale of the decoder. In

addition, to reduce redundancy, they removed the recurrent

structure of the decoder section and replaced it with residual

blocks. Finally, to make the network learn high-frequency

information, the output of the last residual block and the

initial features of the blurred image are added element by

element, and then the sharp image Ît is obtained through a

3× 3 convolution.

4.6.2. Implementation details

Training strategy. They train BGRN with the HighREV

training dataset specified by the organizer with a batch

size of 4 for 200k iterations on an NVIDIA GeForce RTX

3090 GPU. They crop the input images and event voxels to

256 × 256 for training and use horizontal and vertical flips

for data enhancement. AdamW [29] with an initial learning

rate of 2 × 10−4 and a cosine learning rate annealing strat-

egy with 1×10−7 as the minimum learning rate are adopted

for optimization. They use a PSNR loss [39] as supervision.

Ensemble strategy. During testing, they found that images

prefixed with “zigzag” showed a large difference in bright-

ness compared to other normal images. To adapt to this

sudden change in brightness, they select images with the

prefix “sternwatz window” similar to this scene from the

training set. Then, they double their brightness to fine-tune

the pre-trained BGRN model for 5k iterations with an initial

learning rate of 2× 10−5. Therefore, the ensemble strategy

is applied when testing, i.e., the abnormally bright images

(prefixed with “zigzag”) are processed with the fine-tuned

model, and the others are processed with the initial pre-

trained model.

4.7. DVS-WHU
4.7.1. Network Architecture
Positioned at Fig. 6, the proposed Dual Channel Cross-

modal Mamba (DCCM) architecture comprises three pri-

mary components: two Shallow Feature Extraction (SFE)

modules, a series of N dual channel blocks (with N = 20
in their experimental configuration), each containing two

Residual Dense Blocks (RDB) [57] and two Cross Modal

Mamba (CMM) [14] blocks, and a Global Feature Fusion

(GFF) module. Initially, both blur image and events (repre-

sented in 24-bin voxel grids) are processed through the SFE

module for preliminary feature extraction. Subsequently,
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Figure 6. Architecture of DCCM, proposed by Team DVS-WHU.

the dual channel blocks facilitate in-depth feature extrac-

tion and cross-modal interaction. Finally, the GFF module

synthesizes the ultimate latent sharp image.

The core concept of their network is to establish a mu-

tual compensatory relationship between the features derived

from event data and those from blurred images through a

dual-channel framework. Specifically, while event data are

often characterized by significant noise, images typically

exhibit lower noise levels. The CMM block is employed

to incorporate image features into the event data, thereby

mitigating the noise present in the events. Conversely, event

data are rich in sharp edge information, and the CMM block

also facilitates the integration of event features into blurred

images, ultimately contributing to the deblurred result.

4.7.2. Implementation Details
The network is created with PyTorch and trained on two

NVIDIA GeForce RTX 3090 GPUs for 150 epochs with

ground-truth-guided L1 norm loss. The training process is

composed of two phases. During the first phase, they follow

the strategy of Cheng et al.[6] and pretrain their DCCM on

the mixed dataset including synthetic REDS dataset[35] and

semi-syhthetic HQF dataset[38] with a learning rate fixed at

1 × 10−4 for 50 epochs. In the second phase, the network

is fine-tuned on the HighREV dataset[40] where the images

are randomly cropped into 256 × 256 patches with hori-

zontal flipping for data augmentation and the learning rate

linearly decays to 1× 10−5 until the 150th epoch.

4.8. PixelRevive
The model they used was the same as the EFNet[39]. The

key to the improved performance of their model lied in

the utilization of additional datasets during training and

the adoption of larger image sizes in the final fine-tuning

phase. They employed a two-stage training strategy. First,

they used an Events Simulator called V2E[15] to generate

Events from REDS dataset. To generate the dataset, they

used timestamp resolution as 0.001, dvs exposure duration

as 0.001. The remaining parameters were configured iden-

tical to those specified in the V2E paper. They get over

20,000 pairs of events, blur images and sharp images. They

trained the model on REDS for 250,000 iters, with gt size

256, patch size 8. When training on simulated datasets with

the HighREV validation set, they observed a paradoxical di-

vergence: while the training PSNR consistently improved,

the validation PSNR exhibited a decline. This counterin-

tuitive phenomenon may stem from distributional discrep-

ancies between synthetic data and HighREV characteristics

across multiple feature dimensions.

Then, they finetuned it on HighREV train dataset for

200,000 iters, with gt size 512, patch size 8. The True-

CosineAnnealingLR scheduler was employed in both train-

ing phases, configured with a period matching the total

training iterations and a minimum learning rate value of 1e-

7. After experiments, they found that larger gt size can im-

prove the PSNR by about 0.5. Experiments showed perfor-

mance decreases when gt size exceeds 512 (tested range:

256-608), making 512 the optimal size. Other strategy is

same as the EFNet.

4.9. CHD
As illustrated in Fig. 7, team CHD develops an efficient

Event-Image Deblurformer Network (EIDFNet) based on

the Restormer architecture [55]. To address the com-

putational bottleneck encountered when restoring high-

resolution blurry images using event data, they incorporate

key design elements from EFNet [39].

4.9.1. Network Architecture
Considering the speed of model training, they still used the

official 6-channel voxel grid event representation to achieve

a balance between efficiency and precision. They input the

blurred image and the event representation with consistent

spatial resolution into the network and employ the modified

Transformer Block to fuse the cross-modal feature. Firstly,

they modify the transformer block in Restormer [55] as a

fusion module to achieve full interaction between different

feature channels by setting the number of input and out-

put dims in the GDFN and adding 1×1 convolution in the

residual connections. Additionally, they build a mutually

enhanced fusion encoder based on the Event-Image Cross-

Modal Attention Fusion Module (EICA) proposed in EFNet

[39]. The enhanced image features are obtained using K

and V derived from event embeddings, while Q is sourced

from image embeddings. Conversely, the enhanced event

features are generated with K and V originating from image

embeddings, with Q being drawn from event embeddings.
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Figure 7. The framework of Event-Image Deblurformer Network

(EIDFNet), proposed by Team CHD.

In order to achieve comprehensive integration of event and

image features, the enhanced image features and enhanced

event features are concatenated along the channel dimen-

sion. Subsequently, these concatenated features are fused

using a Modified Transformer Block. Ultimately, each en-

coder produces enhanced image features, enhanced event

features, and fused features. The enhanced event and image

features undergo downsampling before being input into the

subsequent encoder. The fusion feature is directly linked to

the corresponding decoding feature through a skip connec-

tion.

4.9.2. Training Strategy

They perform progressive learning stategy fllow the set-

tings in Restormer [55] and trained the model on a A100

GPU with L1 loss. The network is trained on smaller im-

age patches in the early epochs and on gradually larger

patches in the later training epochs. During the training

process, the batch sizes are [4,3,2,2,1,1], and the patch

sizes are [128,160,192,256,320,384] with the iterations are

[92000,64000,48000,36000,36000,24000]. They employ

the AdamW optimizer with an initial learning rate 3e-

4 that follows a CosineAnnealingRestartCyclicLR decay

strategy.

Figure 8. Overview of the proposed pipeline by Team SMU.

4.10. SMU
4.10.1. Motivation
Inspired by recent successes in cross-knowledge sharing be-

tween events and RGB frames [39], hierarchical tempo-

ral and frequency modelling [18, 40] and stage-wise fine-

fusion [20] for the task of event-based RGB deblurring,

they propose to modify the base EFNet model [39] such

that the the modified model serves as a unified framework

which (1) iteratively fine-tunes the coarser deblurred images

through two stages of extensive fine-fusion to combat the in-

sufficiencies of the existing decoding techniques while (2)

can optionally be made to be specifically aware of propa-

gated frequency information in latent representations to lo-

cally and globally filter the blur features in the RGB images

through leveraging event features in the frequency domain.

In addition, to the best knowledge, none of the exist-

ing methods for event-based RGB deblurring recognizes the

importance of feature tracking in this task which can be

beneficial especially in challenging conditions such as high

contrast (i.e. very bright or dark surroundings) and fast mo-

tion (i.e., large pixel displacements within an accumulated

event volume) scenarios [33] towards robust performance.

To address this limitation, they explicitly employ a data-

driven feature tracking module in the pipeline, an inline

feature tracker block, such that event feature tracks corre-

sponding to different points in the reference RGB frame are

intuitively incorporated in the learning process specifically

in the initial stages of the unified framework.

4.10.2. Network Architecture
As depicted in Fig. 8, they propose three main modifica-

tions: the inline feature tracker module, bidirectional frame

fusion and AdaRevD refinement, to the original EFNet,

backed by the motivation as described in section 4.10.1 and

validated through the experiments. To this end, they design

the inline feature tracker such that the latent RGB and event
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features are merged and learned through a flow autoencoder

block in combination with a Conv-LSTM block to retrieve

the temporal alignment of features. Furthermore, it is to

be noted that they place the tracker at an initial stage of the

pipeline to ensure that the tracker has the access to the high-

level features of each modality, rather than the deeper low-

level features, since high-level features, which are close to

the input data, are more promising to contain information

on temporal propagation, which is critical for co-aligned

feature tracking.

Inspired by [20], they design the first stage of refinement

using a bidirectional frame fusion block, specifically tar-

geting the spatiotemporal information flow between adja-

cent coarse frames while in the second stage of refinement,

they further refine the output from the first refinement stage

with an objective to identify the still remaining degradation

patterns in the RGB space and tackle them using an adap-

tive patch exiting reversible decoder module [31]. Option-

ally, to implement the frequency-based filtering of blur fea-

tures, they follow the cross-modal frequency (CMF) mod-

ule proposed by [18] such that latent representations at each

level of the first U-Net are passed through CMF modules,

and concatenated in the decoder levels, in a hierarchical

fashion to enhance the latent feature representations with

frequency-aware characteristics.

4.10.3. Implementation Details
They train the models using one NVIDIA 3090 GPU ma-

chine in two stages: (1) primary event-RGB fusion pipeline

including the proposed frequency-aware module, explicit

feature tracking and the first iteration of refinement based

on the bidirectional frame fusion block and (2) second iter-

ation of refinement based on AdaRevD framework [31].

By following the baseline implementation [39], they

train the models on the HighREV dataset, in both stages,

with an initial learning rate of 2×10−4 for a total of 2×104

iterations. The utilized optimizer is AdamW [29] and the

learning objective is set to be PSNR loss [39].

4.11. JNU620
As shown in Fig. 9, their framework adopts EFNet [39] as

the baseline architecture. To enchance frequency-aware fea-

ture processing, a selection frequency block (SF Block) [9]

is integrated following each decoder. The architecture in-

troduces two key components: 1) A multi-branch dynamic

selection frequency (MDSF) module that adaptively decou-

ples feature mappings into distinct frequency components

through dynamic convolution operations; 2) A multi-branch

compact selection frequency (MCSF) module specifically

designed to expand the receptive field for processing de-

graded blurry images. Multiple data augmentation strate-

gies were employed, including horizontal and vertical shift-

ings. For data preparation, they implemented multiple aug-

mentation strategies including horizontal and vertical spa-

tial shifts. The model was trained for 120,000 iterations on

an NVIDIA GeForce RTX 3090 GPU with a batch size of

4. The models were optimized by the Adam method with

β1 = 0.9 and β2 = 0.99 and the weight decay was set to

10−4. The initial learning rate was set to 2 × 10−4, grad-

ually decreased following a cosine annealing schedule. In

inference phase, each test image undergoes augmentation

through horizontal and vertival flips before input into the

model. The final restored image is generated by averaging

all augmented outputs.

4.12. colab

Our team proposes an improved method based on EFNet,

named DEFNet (Dynamic Enhanced Fusion Network).

This method incorporates three key enhancements. First,

we introduce a multi-scale dynamic fusion module, which

fuses event and image features at multiple spatial resolu-

tions, significantly improving the restoration of fine details

in blurred areas[17]. Second, we enhance the original EICA

module by integrating a bidirectional attention mechanism,

enabling more effective mutual guidance and interaction be-

tween image and event features. Third, for processing event

data, we adopt a weighted interpolation strategy[40] that

models the dynamic weighting of event sequences more ac-

curately, thereby enriching the temporal details provided to

the image restoration process.

4.12.1. Network
Fig. 10 presents the architecture of DEFNet, which is built

upon EFNet and incorporates the newly introduced mod-

ules: the multi-scale dynamic fusion module and the en-

hanced EICA module with a bidirectional attention mecha-

nism. These components work collaboratively to optimize

the motion deblurring process by improving feature repre-

sentation and fusion between the image and event data.

During the deblurring process, event streams are used

to provide fine-grained temporal variation information that

guides the restoration of motion blur in image frames.

Specifically, the Symmetric Cumulative Event Represen-

tation (SCER) encodes the temporal distribution of events

while the enhanced Event-Image Cross-modal Attention

Fusion (EICA) module leverages bidirectional attention to

facilitate deeper interaction between modalities. Addition-

ally, the integration of weighted interpolation improves the

temporal alignment and accuracy of event feature extrac-

tion.Together, these components enable DEFNet to more ef-

fectively restore motion-blurred images by enhancing edge

sharpness, preserving texture, and capturing motion dynam-

ics with higher fidelity.

4.12.2. Implementation Details
We use the AdamW optimizer with an initial learning rate

of 2e-4, weight decay of 1e-4, and betas set to [0.9, 0.99].
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Figure 9. The model framework proposed by Team JNU620.

Figure 10. DEFNet architecture, proposed by Team colab.

To dynamically adjust the learning rate, we used the True-

CosineAnnealingLR scheduler with a maximum iteration

count of T max = 200000 and a minimum learning rate of

1e-7. During training, the batch size was set to 4, and 3

worker threads were used per GPU. The total number of

training iterations was set to 40000.This method was trained

and validated on the HighREV dataset. The model achieved

significant improvements on both the training and valida-

tion sets, with PSNR and SSIM used as evaluation metrics

during training. Validation was performed every 10,000 it-

erations, and the model was regularly saved.

4.13. CMSL
The Cascade Event Debluring Model With Event Edge Loss

was build based on EFNet [39]. An motion edge loss and a

cascade framework were introduced to enhance the perfor-

mance of EFNet.

The EFNet backbone was adopted and two improve-

ments were proposed. Firstly, the event data were organized

and represented as voxel [39]. Then, two frame of the event

voxels that were most close to the center of the exposure

time were multiplied to produce a motion edge frame. The

motion edge frame contains the edge of the moving objects

in the current frame as shown in fig. 11, fig. 12 is the cor-

responding edge of the groud truth image (sharp image).

As shown in fig. 11 and fig. 12, the motion edge contains

clear lines that were consistent with the true edges and could

served as a guiding information for image debluring. The

edge of the deblured image output by the module should be

similar to the motion edge. Therefore, a motion edge loss

were proposed as follow:

�edge = mse(edge(x̂) ·m, e)

mi,j = 1 if ei,j>τ, else 0

where mse(A,B) is the mean squared error between each

element in matrix A and B, x̂ is the output deblured image,

e is the motion edge frame, m is the motion edge mask, τ is

the threthold parameter.

Secondly, a cascade frame work were proposed that two

EFNet was connected in cascade to further enhance the im-

age deblurring ability. The first EFNet took four frames of

the event voxels that were relatively remote to the center of

the exposure time while the second EFNet took two frames

of the event voxels that were relatively close to the center

of the exposure time. The two EFNet form a coarse-fine

paradigm that gradually remove the motion delur.
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Figure 11. The visualization of the motion edges.

Figure 12. The edges in the ground truth frame

4.14. KUnet

4.14.1. Architecture
Their solution is built upon a custom KUnet backbone tai-

lored for event-based image deblurring. The model employs

a dual-encoder strategy that separately processes RGB im-

ages and voxelized event data, each through a dedicated

encoder branch. At the bottleneck, the features are fused

via channel-wise concatenation and passed through a trans-

former module.

A key novelty in the design is the use of KANLinear
layers within the transformer block. These layers, based on

spline-interpolated kernels, improve attention expressive-

ness without adding significant computational overhead.

This fusion architecture leverages the temporal sharpness

of events with the spatial-semantic richness of RGB images

to produce high-fidelity deblurred outputs.

Figure 13. Left: Input blurry frame. Right: output of KUnet, with

detailed texture.

4.14.2. Implementation Details
They train the model from scratch on the official NTIRE

2025 HighREV dataset without any external data or pre-

trained weights. The voxelized events are represented using

6 temporal bins, generating a 6-channel input tensor for the

event encoder.

Training was conducted using 2 NVIDIA A100 GPUs

with a batch size of 8 and a patch size of 256×256. They

trained the network for 150k iterations using the AdamW

optimizer (β1 = 0.9, β2 = 0.99, weight decay = 1e-4)

and a CosineAnnealingLR scheduler . Data augmentations

included random horizontal flips and rotations.

The loss function includes a PSNR loss weighted at 0.5.

Their final checkpoint achieved a peak PSNR of 29.42 on

the NTIRE 2025 validation phase.

Inference was performed using a sliding window ap-

proach with a max minibatch size of 8. They observed an

inference time of ∼ 0.15 seconds per frame on an A100

GPU, and a memory footprint of approximately 16 GB dur-

ing training.

Model Complexity:
• Parameters: 11M

• FLOPs: Not computed

• GPU Memory Usage: 16 GB (training)

• Inference Time: 0.15s/frame

Code and Resources:
• GitHub: https: / /github.com/Splendor73/NTIRE2025

EventDeblur challenge asu

• Pretrained: https : / / www . dropbox . com / scl / fi /

l9td2xtbzxed2bg8tc9w0/17 KUnet.zip

• Results: https : / / www . dropbox . com / scl / fi /

yrky29x2mdwt3k8e40yol/Results.zip

4.15. Group10
The solution is built upon a custom adaptation of the EFNet

deblurring framework[39]. The method strategically har-

nesses both conventional image data and event-based infor-

mation to mitigate motion blur effectively. Key components

of the approach include:

Dual-Stream Network Architecture: The model consists

of parallel convolutional streams. One stream processes the

blurry input image, while the other processes event data,
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which is converted into a voxel grid representation. A cross-

modal attention module subsequently fuses the features ex-

tracted from both modalities, enhancing the network’s abil-

ity to recover fine details in dynamic scenes.

Event Data Representation: The raw event data – com-

prising spatial coordinates, timestamps, and polarity – is

transformed into a voxel grid. This process involves tem-

poral normalization and spatial mapping, enabling the net-

work to capture the dynamic nature of motion events with

high precision.

Training Strategy: Utilizing mixed precision training to

maximize GPU efficiency and accelerate the convergence

process. Gradient accumulation is employed to effectively

simulate a larger batch size, which is critical for stable train-

ing on high-resolution data. The training loss is computed

using the Mean Squared Error (MSE) criterion, guiding the

network to produce high-quality deblurred images.

Data Pipeline: Custom PyTorch Dataset classes handle

the loading and preprocessing of both image and event

data. The pipeline includes resizing, normalization, and

careful synchronization between blurry images and their

corresponding event data, ensuring data consistency across

modalities.

Performance Evaluation: The evaluation strategy em-

ploys widely accepted metrics such as PSNR and SSIM to

quantify restoration quality. Test outputs are resized to their

original dimensions and saved as lossless PNG images to

preserve the fidelity of the results.

Additional details include:

Parameter Count: The EnhancedEFNet model consists of

convolutional layers, CrossModalAttention blocks, and skip

connections, leading to a parameter count in the range of

millions.

CrossModalAttention layers: These layers introduce ad-

ditional tensor operations and memory usage. No external

pre-trained models were directly used in training.The archi-

tecture was trained from scratch on the provided dataset.

GPU Memory Usage: Memory usage is influenced by

Batch Size, Default batch size of 4 per GPU, and Voxel Grid

Representation, Uses 6 event bins, increasing input size.

CrossModalAttention: Inspired by self-attention mech-

anisms in Transformer models. Hybrid Loss Func-

tion: Combines MSE and L1 loss for better generaliza-

tion.CosineAnnealingLR Scheduler: Used to dynamically

adjust learning rates during training.

Use of Additional Training Data: Only NTIRE Dataset

Used:The training was restricted to the HighREV dataset

provided by NTIRE. No additional synthetic or exter-

nal event-based datasets were incorporated. Potential Fu-

ture Enhancements: Using real-world event datasets (e.g.,

DSEC, MVSEC) could improve generalization. Fine-

tuning with pre-trained image restoration models (like De-

blurGAN) could be explored.

Quantitative and Qualitative Improvements Quan-
titative Improvements (Metrics & Performance):
Peak Signal-to-Noise Ratio (PSNR): Achieved PSNR:

25.93.Improved compared to baseline event fusion models.

Structural Similarity Index (SSIM): Achieved SSIM: 0.82.

Indicates better perceptual quality in restored images.

Qualitative Improvements (Visual Results & Generaliza-

tion): Better Detail Recovery: The attention-based fusion

of events and images leads to sharper edges and better

contrast in reconstructed images. Works well in low-light

or high-motion blur scenarios.

Comparison with Baseline Models: Standard CNN-based

deblurring struggles with fine-grained event details, but En-

hancedEFNet effectively fuses event features to improve

deblurring accuracy. CrossModalAttention aids in spatial

alignment of events and images, reducing artifacts. Failure

Cases & Future Improvements: Highly blurred images with

saturated event data can still cause artifacts. More robust

fusion mechanisms (e.g., transformer-based approaches)

could further enhance performance.
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