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ABSTRACT Recent advances in machine vision have played an important role in addressing the challenging
problem ofmotion blur. However, most deep learning–based deblurringmethods operate in the RGB domain,
rely on recursive strategies, and are often trained on unrealistic synthetic data. In this paper, we introduce a
preventive solution from a new perspective, leveraging the opportunity to operate directly in the RAWdomain
on high-bit sensor data. Since no publicly available high–frame rate RAW-based blur prevention dataset
exists, we construct Blurry-RAW, a novel dataset containing paired blurry and sharp frames in both RAWand
RGB formats. We further propose 3D-ISPNet, a CNN–Transformer hybrid architecture, trained exclusively
on RAW sensor data. This model achieves superior quantitative and qualitative performance compared
to RGB-based counterparts. Moreover, by fine-tuning on data from different camera sensors, 3D-ISPNet
demonstrates strong generalization across diverse hardware. Ultimately, the introduction of RAW-driven
blur prevention and the new dataset paves the way for further research in this emerging direction.

INDEX TERMS Sensor raw data, camera ISP, blur effect prevention.

I. INTRODUCTION
Blurry video frames are the result of an accumulation of
optical signals acquired by the camera sensor over the course
of an exposure period. A shaking camera or fast-moving
objects in captured scenes usually result in this problem. It has
been appealing to researchers to work on blur removal tasks
to restore sharp videos in order to support various computer
vision tasks such as tracking moving object and video inter-
polation. The problem of blur effect remains highly ill-posed
to solve. For complicated blur kernel modeling, conventional
techniques mostly require some sort of pre-assumptions
or/and constraints [1], [2], [3], [4]. In real-world applications,
nevertheless, these approaches are not readily applicable due
to the inaccurate approximations. In [5], the authors have
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attempted to reproduce the blur effect phenomenon in recent
years. By averaging successive sharp frames, they synthe-
size blurry frames from high fps videos. They contribute
to the flourishing of related research by relieving us of the
complicated design of blur kernels.

However, the averaged RGB values are still inadequate
for replicating real-world blur effects, as they are influenced
by camera ISP processing. The ISP’s non-linear processes
such as demosaicing, white balance, gamma compression,
and color correction can result in RGB frames that are not
linear to the underlying sensor data. Additionally, this prob-
lemmade post-processing necessary for building the previous
dataset [5], in order to reduce the domain gap. Learning
to recover blurry videos with RGB datasets has significant
issues, highlighting the necessity of utilizing RAW datasets.

As a part of this work, Blurry-RAW is created as a
novel video dataset so that deep learning-based blur effect
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FIGURE 1. To tackle blur effect phenomenon, conventional approaches
mainly rely on recursive strategies and operate in the RGB domain,
whereas in this study, we promote a novel blur preventive strategy by
training on sensor raw data.

prevention can be carried out on raw sensor data, where
pairs of blurry and sharp RAW frames are included, along
with their RGB counterparts. With the appropriate camera
settings, we record high fps sharp RAW videos, split them
into successive RAW frames, and as in [5], we also synthesize
their corresponding blurry RAW frames by averaging every
eight consecutive RAW frames, using a sliding window of
one frame stride. The direct manipulation of sensor raw data
allows us to createmore realistic blurry frameswithout under-
going any post-processing, for instance, gamma correction.

A RAW video frame, unlike an RGB frame, the informa-
tion is stored using color filters, such as the Bayer pattern or
X-tran, for example. Besides spatial information, each posi-
tion in an image contains a specific color sensor value. Thus,
we also propose 3D-ISPNet as a novel network architecture
that takes advantage of RAW images’ special characteristics,
as shown in Fig. 1. Using spatiotemporal convolutions, 3D-
ISPNet is a simple, scalable approach for video blur effect
prevention. 3D-ISPNet has the capability to generate end-to-
end predictions for multiple frames in a single forward pass,
without the need for external flow or depth maps. By learning
from large scale video data, it implicitly handles complex
motions and occlusions, and it is easier to deploy, while
improving inference speed and achieving state-of-the-art blur
prevention accuracy. 3D-ISPNet can easily be deployed as a
blur-aware camera Image Signal Processor (ISP), as it can
perform all the essential subtasks of an ISP system in an
end-to-end fashion.

Our experiment section emphasizes the advantage of
directly deblurring on RAW data. The great amount of infor-
mation preserved in RAW frames allows us to restore finer
details and structure. The performance gains we get after
applying our proposed novel network architecture are fur-
ther enhanced. Hence, the designed network is better suited
for video blur prevention. Our approach surpasses existing
RGB data-driven deblurring methods in both quantitative and
qualitative performance. Here are some key highlights of our
contributions:

1) 3D-ISPNet architecture: We propose 3D-ISPNet,
an efficient and scalable CNN–Transformer hybrid

designed to learn directly from camera sensor data for
single-shot, multi-frame blur prevention. By performing
one of the core sub-tasks of an Image Signal Processor
(ISP), it can be seamlessly integrated into a blur-aware
camera ISP pipeline.

2) Blurry-RAW dataset: We introduce Blurry-RAW,
a novel high–frame rate RAW dataset created to
overcome the limitations of existing RGB datasets.
It provides paired sharp and blurry video frames in both
RAW and RGB formats, enabling more realistic and
sensor-level blur prevention research.

3) RAW-domain advantage: Through extensive experi-
ments, we demonstrate that operating directly in the
RAW domain on high-bit sensor data significantly
improves blur prevention while better preserving fine
scene details and structures. Our approach consistently
outperforms existing RGB-based deblurring methods,
both quantitatively and qualitatively.

II. RELATED WORKS
There are several deblurring approaches, but most of them
rely on the blur model in [10] and [11], which can be
expressed as below:

IB = K (M) ∗ IS + N (1)

where IB denotes the blurred picture, K (M) are the blur
effect kernels related to the field of motion M , IS repre-
sents the sharp image and N stands for the environment
noise. Deblurring problems can be categorized as non-blind
or blind, depending on whether information about blur or blur
kernel (K (M)) is available or not. Most conventional meth-
ods prioritize non-blind deblurring, while blind blur kernels
are typically modeled based on simplistic assumptions and
priors. In their work, Kim et al. [3] suggested segmenting
blurry images and estimating non-uniform blur kernels within
each segment. In [4], Kim and Lee further noted that the
blur kernel at the pixel level can be approximated as linear.
As a result of patch-based priors, Michaeli and Irani [2] were
able to restore sharp images in down-scaled images. Using a
patch-wise non-uniform deblurring algorithm, Yu et al. [12]
estimated each kernel locally and recovered a latent image by
using total variation regularization. Despite this, blur kernels
are often unknown in practice.

There has been significant progress in machine vision-
based image generation techniques, such as blur reduction
[5], [26], [27], [36], denoising [19], [20], object removal [21],
[22], style transfer [23], [25] and super-resolution [13],
[14], [15], [16], [17], [18]. In certain blur reduction tech-
niques, artificial neural networks are used to approximate
the blur kernels, and then clear images are restored [10],
[11], [28]. Xu et al. [28] proposed a method that suggests
deblurring can be accomplished by utilizing blur kernels
that can be decomposed into a small set of filters. In a
previous work [11], Sun et al. used convolutional neural
networks (CNN) to estimate the probabilities of prede-
fined motion kernels for image patches, and then applied
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an optimization technique to reconstruct the latent image.
In a previous study [10], a fully convolutional network was
employed to estimate motion flow, followed by non-blind
deconvolution to restore the sharpness of the image. These
methods involved deep learning techniques to estimate blur
kernels more accurately. Nevertheless, these models fre-
quently encounter challenges in real-world scenarios due to
the difficulty of accurately modeling non-uniform and com-
plex blur kernels using simplistic kernel assumptions. In an
effort to address the intricate and uncertain characteristics of
blur kernels in real-world images, certain researchers have
experimented with blind deconvolution methods for directly
restoring sharp images [5], [6], [26], [27], [29], [30], [31],
[38], [42]. Nah et al. [5] utilized techniques that do not rely
on blur kernels for both generating datasets and estimating
latent images. They developed an advancedmethod for image
deblurring using a multi-scale network, and also released
a widely-used dataset for subsequent researchers to utilize.
Galshetwar et al. [6] introduced a straightforward yet effec-
tive approach for multi-frames deblurring by designing an
edge-enhanced model branch. Kupyn et al. [26] employed
a Generative Adversarial Network (GAN) based model to
restore clear images. Tao et al. [29] improved upon the
multi-scale approach by incorporating a recurrent structure
that enables weight sharing across different scales within the
network. Zhang et al. [30] attained cutting-edge performance
on GoPro datasets by adopting a strategy of deblurring small
patches cropped from complete images, as opposed to deblur-
ring at multiple scales. In a recent work Zhong et al. [31]
introduce a frame-oriented neural network structure for learn-
ing high motion video deblurring task. As only datasets with
RGB images exist, these methods primarily focus on deblur-
ring RGB images. Furthermore, RGB data often lack the
abundance of valuable information that can only be obtained
from sensor raw data. As compared to RGB data, RAW data
contain all the information captured by the image sensor,
including color information and other details, such as
brightness, contrast.

There have been also some previous attempts to address the
blur artifacts by analyzing sensor raw data [32], [33], [39].
Zhen [32] employed inertial sensors to recover RAW images,
capturing RAW image data using a digital imaging system
and 3-axis acceleration data. An estimate of the blur kernel
and camera motion can be made using acceleration data.

In their work [33], Trimeche et al. introduced a multi-
channel image restoration technique aimed at mitigating
optical blur resulting from the camera’s optical system. RAW
images were processed using a modified iterative Landweber
algorithm, applied separately to each color channel, along
with adaptive denoising. They employed an adaptive filter
that utilized neighboring pixels’ local polynomial approx-
imation from dynamically picked windows to enhance the
iterative process resilience. In addition, they suggest a unique
saturation control mechanism to reduce the impact of itera-
tive recorvery in near-saturated parts, preventing false colors
resulting from independent channel filtering in RGB domain.

Despite utilizing RAW data, these methods remain unprac-
tical as they rely on unrealistic simplistic pre-assumptions.
In addition, they tend to focus more on blur caused by camera
shaking than on object motion-caused blur.

Prior studies have demonstrated that sensor raw data
can benefit many computational imaging tasks [7], [8], [9],
[34], [35].

In [34], Plötz et al have built a denoising dataset, which
was greatly inspiring. In their study [35], Schwartz et al
introduced DeepISP, a comprehensive deep neural model
that encompasses the entire camera image signal process-
ing unit. By learning from sensor raw data, Chen et al. [7]
addressed the extremely low-light image enhancement prob-
lem. The authors of a recent study [8] employed RAW
data to assist in the restoration of details and structures for
super-resolution, aiming for improved performance in real-
world scenarios. A RAW image-featured dataset SR-RAW
for super-resolution was constructed in [9] by Zhang et al,
where camera optical zoom was used to collect the dataset.
They showed that operating directly on sensor raw data can
indeed be advantageous. The various image processing tasks
can be enhanced by using high-bit sensor raw data, as shown
in all of these studies.

For video deblurring, there is, however, no high frame rate
RAW datasets, which is why most of prior methods have only
worked in the RGB domain. Consequently, we constructed
Blurry-RAWas a novel RAWvideo dataset for blur effect pre-
vention. On the other hand, we introduce 3D-ISPNet, a newly
designed network structure which can directly learn from
sensor raw data. The proposed network can directly operate
on sensor raw data, recovering finer details and achiev-
ing a superior performance compared to the previous RGB
data-driven methods.

III. THE CONSTRUCTED BLURRY-RAW DATASETS
We create a new dataset called blurry-RAW, which consists
of sets of blurry and sharp RAW frames along with their RGB
counterparts. This dataset is designed to facilitate end-to-end
learning for RAW video blur removal. Blurriness in images
primarily occurs due to the accumulation of optical signals
that are acquired by camera sensors over the course of the
time of exposure. The process of accumulating signals can
be described in the following way:

BRAW =
1
T

∫ T

t=0
S (t) dt ∼=

1
M

∑M

i=0
S [i] (2)

T represents the exposure time, while S (t) stands for the
signals that the camera sensor captures at a specific time t .
Similarly,M denotes the total count of recorded frames, while
S [i] refers to the i-th clear RAW frame in the sequence.
We create blurry RAW images by taking an average of con-
secutive sharp RAW frames, using a sliding window of one
frame stride, ensuring that the synthesized blurry RAW video
has the same fps value as the origin sharp RAW video. Sub-
sequently, we can generate realistically smooth blurry frames
directly using RAW data without undergoing any further
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Algorithm 1 3D-ISPNet Training
Input:paths to theBLURRY-RAWvideo data subsets
Output:a trained 3D-ISPNet, Deblurred video

1 Trainet(x, e, b, lr)
2 prepare the input datax, as a list of 5D tensors
3 e is the number of iteration epochs
4 b is the number of batches
5 lr is the learning rate
6 fit the model to the input datax
7 compilethe model
8 for 0 to edo
9 for 0 to bdo
10 use the L1 loss function in (12)
11 train 3D-ISPNet model
12 end for
13 return the trained 3D-ISPNet
14 end for
15 end Trainet()
16 Testnet(mdl, b, r, n)
17 mdl is the pre-trained 3D-ISPNet
18 b is a 5D tensor, contains the blurry frames
19 r is a list the deblurred frames
20 n is the number of the input tensors
21 while i < ndo
22 r = mdl.predict(b)
23 i++
24 return r
25 end Testnet()

post-processing stages, avoiding the common parallel noises
and effects such as gamma correction, as in [5]. Fig. 2 show-
cases three different possible ways to construct blurry data.

FIGURE 2. Blur effects occurrence by signals accumulation. Directly
averaging on high fps RAW data allows a more realistic blur effects
synthesize.

We recorded 360 RAW video clips using the Canon
EOS-1D X Mark III camera, paying attention to qual-
ity, diversity, lighting, and scene dynamics. In order to
ensure recording clear frames and contain enough lightness,
we fix the aperture of the camera to the largest value f/4.0.

The videos we record are taken at various locations, such as
gardens, schools, shopping malls, intersections, sports fields,
playgrounds, etc.

Using a sliding window of one frame stride, we averaged
each 8 successive sharp frames of the recorded RAW videos
to synthesize their blurred counterparts. Ending up construct-
ing a set of sharp/blurry pairs of RAW video clips.

A total of 12600 pairs, consisting of RAW format sharp/
blurred frames, and their post-processed RGB counterparts
are included in the built Blurry-RAW dataset, which is
of much greater size and quality compared to the related
datasets. Table 1 illustrates a comparison between con-
structed dataset and other commonly used datasets in the
related literature. The introduced Blurry-RAW dataset allows
RAW data-driven end-to-end training of blur effect preven-
tion models, and initiates new opportunity to enhance the
prior RGB data-powered approaches. The proposed dataset
is publicly released, and currently accessible through the fol-
lowing link: https://github.com/nahliabdelwahed/BLURRY-
RAW-Dataset

IV. THE PROPOSED DEBLURRING METHOD
The proposed video blur effect prevention approach is
described in detail in this section, particularly the mutual
relationship between the proposed technique and the newly
introduced Blurry-RAW dataset.

TABLE 1. Comparison of deblurring datasets: fps stands for the frame
rate used for data recording. The higher the better.

A. NETWORK ARCHITECTURE
The proposed 3D-ISPNet model structure is illustrated in
Fig. 3 and Table 2. It’s an autoencoder structure formed
with 3D convolutions (3DConv) in both encoder and decoder
levels, and centered by a 3D vision transformer (3DVT)
block, Fig. 4. This allows for accurate representation of tem-
poral dynamics between input frames, resulting in enhanced
video restoration performance. 3Dconv is a five-dimensional
filter of size Cin×Cout × t × h×w, where t denotes the
temporal dimension and (h×w) denotes its spatial size. Cin
and Cout are the layer’s input and output number of chan-
nels. Video motion trajectories, actions, and correspondence
between frames can bemodeled using the additional temporal
dimension. In this study, we use 3D-ResNet (3DR-18) with
18 layers as the base backbone. In principle, any 3D CNN
structure could be adoptable as a backbone. However, in order
to strike a balance between accuracy and speed, we assess
various forms of 3D Convolutional Neural Networks (CNN)
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FIGURE 3. 3D-ISPNet Architecture: (a) An autoencoder neural structure, incorporating a feature gating module after each 3D
space-time (de-)convolution block, as well as a 3D vision transformer block in the middle.

TABLE 2. 3D-ISPNet Architecture: Z, C, P AND FC denote number of in/output frames, channels, padding and fully connected, respectively.

as potential backbones. By removing the final classification
layer from 3DRD-18, we are left with five convolutional
blocks, each consist of two 3Dconvs with a cross-layers
connection.

Additionally, we eliminate temporal striding to preserve
important details in each generated frame, as down-sampling
operations like striding and pooling can sometimes result in
loss of sharpness. However, in order to keep the computation
manageable, we do choose to use a spatial stride of 2 in
the first, second, and the fourth convolutional blocks. The
decoder utilizes a progressive approach to up-sample and fuse
features at multiple scales, using the deep latent representa-
tion captured by the encoder to construct the output frames.

Up-sampling is performed using transpose convolution
(TransConv-3D) layers with a stride of 2. A Conv-3D layer is
added after the last TransConv-3D layer in order to mitigate
the commonly observed checkerboard artifacts. Additionally,
encoder-decoder cross-connections are also used to ensure
that accurate and sharp frames are recovered by low and
high-level information fusion.

Once the decoder produces a three-dimensional feature
map, it goes through a temporal fusion layer. This layer uses
a 2D convolution to merge the temporal dimension features
along with the channel dimension, resulting in a 2D spa-
tial feature map. This step is for merging and aggregating
information contained within multiple consecutive frames

TABLE 3. Parameters configuration of the 3DVT architecture used in the
grid search.

for prediction. Finally, this feature map undergoes a convo-
lution using a 7 × 7 kernel in two dimensions (2Dconv),
which predicts an output with dimensions of h x w x 3Z.
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This output is then divided into Z individual frames along the
channel dimension. Our network has been carefully designed
to handle video blur effect with high efficiency, regardless of
the value of Z, while making only minimal modifications to
the main architecture.

FIGURE 4. 3D Vision transformer (3DVT) block.

B. FEATURE GATING MODULE
As a self-attention mechanism in one of its forms, spatio-
temporal feature gating technique is utilized in deep learning
models for several tasks, such as image classification [18],
video interpolation [9] image restoration [39]. In our architec-
ture, we implement the gating module following every layer.

Considering a feature map of size fi = C × T × H × W ,
whereas C , T andH×W are channels number, temporal size
and spatial size, respectively. The gating layer will produce
the following output:

f0 = σ (⊙.pool (fi) + b) ⊙ fi (3)

where σ , b ∈ Rc and ⊙ ∈ Rc×c are the sigmoid activation
function, bias parameters and learnable weight, respectively.
Whereas,⊙ is the element-wise multiplication over the chan-
nel dimension and pool is a spatio-temporal pooling layer.
A feature gating mechanism of this nature would effec-
tively learn to increase the importance and focus on relevant
dimensions of feature maps that capture valuable patterns for
preventing frame blur effects.

C. 3DVT BLOCK
The 3DVT block in Fig. 4 and Table. 3, is inspired from
ViT model [24], which was initially designed for two-
dimensional data, as it has been modified in this study to
handle three-dimensional features. Instead of flattening a 2D
patch, each embedding is obtained by horizontally tokenizing
an extracted 3D feature on its temporal dimension. We define
the 3DVT input features as x ∈ R H×W×Z×C, where (H,
W, Z) represents the resolution of the volumetric input, and C
denotes the number of filters applied to obtain these features.
To tackle the high memory consumption of transformers and
promote token efficiency, we follow the formalism in [43]
to divided the 3D input features into H non-overlapping

horizontal strips. Whereas each strip contains Z tokens with
dimensions of C/2.

We downscaled the original ViT architecture in [24],
significantly reducing the number of learnable parameters.
To find the optimal configuration, we conducted a grid
search, exploring different values for the multilayer percep-
tron (MLP) size (d), hidden size (D), number of layers (L),
and number of attention heads (k).

In our grid search, we also considered the value of d used
in the ViT architecture, which was set to 3072 in the original
article [24]. The parameters of each configuration explored
in the grid search are summarized in Table 3. Furthermore,
Fig. 4 provides a visualization of a generic 3DVT archi-
tecture, highlighting the parameters varied during the grid
search.

D. LOSS FUNCTION
By utilizing a pixel-level loss, such as L1, to compare the
predicted and ground truth frames, we can train the entire
network in an end-to-end manner.

l
({
Î
}

, {I }
)

=
1
N

∑N

i=1

∑Z−1

j=1

∥∥∥Î (i)j − I (i)j

∥∥∥
1

(4)

where I (i)j and Î (i)j are the jthground-truth and the jth predicted

frame of the ithtraining clip, respectively. Whereas Z is the
number of predicted frames at a single shot, and N is the
mini-batch size used in training.

FIGURE 5. 3D-ISPNet visual results on blurry-RAW testing subset.

E. IMPLEMENTATION DETAILS
3D-ISPNet has been trained on the training split of the pro-
posed Blurry-RAW dataset and evaluated on its test split.

We choose a crop size of 512 by 512. Random frames
order reversal and horizontal flipping have been utilized for
data augmentation. A learning rate of 2 × 10−4 was initially
employed, which was reduced by half whenever the training
progress stagnated or reached a plateau. The network under
consideration undergoes training for a total of 200 epochs,
utilizing a mini-batch size of 64 and executed on a GeForce
RTX 3080 GPU. Data augmentation is performed during
training by randomly selecting a patch of frame sequences
and applying temporal order inversion, along with random
horizontal flipping. The Inference time measurements were
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FIGURE 6. Qualitative comparison on blurry-RAW testing set.

FIGURE 7. Qualitative comparison on RAW-REDs testing set.

conducted on NVIDIA-2080Ti GPU. The measured time
excludes the data pre-processing and CPU/GPU transfers
time, and only considers the required time for a single forward
pass.

The obtained results are found by inferring over 100 sam-
ples from the Blurry-RAW testing set using a crop size of
512 × 512. The total time needed to restore all frames in
multi-frame blur prevention is computed as the cumulative
time for the restoration process. During the calculation of
inference time, GPU warm up time and CUDA operations
were also taken into consideration.

V. EXPERIMENTAL RESULTS AND ANALYSIS
This section provides evidence of the superiority of the pro-
posed dataset and method through a series of experiments,
conducted on a standardized hardware environment to ensure
an unbiased evaluation of all methods. The prior related RGB
data-driven methods are also fine-tuned using the RGB data
from the newly constructed Blurry-RAW dataset.

We employ the structure similarity index (SSIM) and the
peak signal-to-noise ratio (PSNR) as the metrics for evalua-
tion. Detailed descriptions of all experiments can be found in
the following sections.
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FIGURE 8. Qualitative comparison on RAW-GoPro testing subset.

Upon evaluating different types of 3D-CNN as potential
backbones, we ultimately opted for the 3DR-18 backbone to
serve as the standard encoder for the designed 3D-ISPNet.
This decision was made to strike the optimal balance between
preventing blur effects and achieving high accuracy and
speed in our approach. Besides Blurry-RAW testing dataset,
we also utilize RAW-GoPro and RAW-REDs testing datasets
for evaluation the proposed model performance, by reversing
the GoPro and REDs datasets’s RGB content to their RAW
format using the CycleISP method [39].

A. QUANTITATIVE RESULTS
Within this research, we have compared our proposedmethod
with a selection of established deblurring approaches that are
considered representative in the field.

In Zhang et al.’s work [30], they achieve impressive results
on the GoPro dataset with low computational cost by deblur-
ring cropped patches. In Nah et al.’s paper [5], they release the
GoPro dataset publicly and employ a multi-scale deep learn-
ing model for blur removal. In Kupyn et al’s study [26], they
propose a GAN-based model to address blur effects, while in
Tao et al’s article [29], they improve the multi-scale model
by incorporating recurrent structure. On the other hand,
Zhong et al in a recent work [31] introduce a frame-oriented
neural network structure for learning high motion video
deblurring task.

All the methods are fine-tuned on the RGB frames from
the novel Blurry-RAW dataset, using their publicly released
weights and following their setup. Table. 4 and Fig. 9

illustrate the evaluation results, which reveal that the perfor-
mance of the proposed method surpasses the state-of-the-art
image deblurring techniques, while maintaining low com-
putational cost. Directly operating in the RAW domain on
high fps sensor raw data for preventing the appearance of
blur effects, is what distinguish our approach from the related
RGB data-powered deblurring techniques. Since the low-bit
RGB frames that have undergone processing do not contain
crucial detailed information about the actual scene, which can
only be obtained from high-bit sensor raw data. By training
on the newly constructed Blurry-RAW dataset, the designed
3D-ISPNet can directly operate on RAW data and learn
video blur effect prevention task, which allows the proposed
technique in this study, to achieve a superior and favor-
able performance compared to the prior conventional RGB
data-driven approaches.

B. QUALITATIVE RESULTS
We have conducted a qualitative comparison of our visual
findings with prior state-of-the-art techniques on various
testing datasets, as depicted in Fig. 5, Fig. 6, Fig. 7, and
Fig. 8. In addition to the synthetic cases, we have also pre-
sented the results of our proposed method on actual blurry
frames captured using a camera’s long exposure mode (1/10
sec), as depicted in Fig. 12. Our approach has demonstrated
superior performance compared to the related methods [5],
[29], [30], as evidenced in Table. 4. Unlike the RGB data-
based state-of-the-art deblurring techniques, our proposed
method is capable of generating frames with enhanced
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structural clarity and finer details. This implies that the valu-
able and abundant information preserved in RAW frames is
indeed advantageous for the task of preventing video blur.

C. ABLATION STUDY
To ensure the effectiveness of the key components of the
3D-ISPNet and its training strategy, comprehensive ablation
studies were conducted. In order to maintain fairness, all
models were trainedwith the same configuration and settings.
The outcomes of these studies are summarized in Table. 5.

FIGURE 9. 3D-ISPNet accuracy (PSNR) versus inference speed (frames per
second).

1) BACKBONE ARCHITECTURE
In our study, we explore the use of 3D convolutions to model
frame sequences spatio-temporal relationships and enhance
the task of video blur prevention. To test this hypothesis,
we also train a video blur prevention model using 2D con-
volutions instead, and the results are presented in Table 5(a).
In the training of the 2D ResNet, the RGB channels of the
input are concatenated before being input into the network.

TABLE 4. Quantitative results.

2) CHOICE OF FUSION
As shown in Table 5(c), there are a number of different
choices for combining features across encoders and decoders
using skip connections. The term ‘‘fusion-concat’’ indicates

the concatenation of corresponding feature maps along
the channels dimension. On the other hand, ‘‘fusion-add’’
involves adding the features from the encoder to the decoder,
while ‘‘No fusion’’ denotes the absence of cross-layer skip
connections between the encoder and decoder. It is observed
that incorporating some form of feature transfer between the
encoder and decoder is crucial, as it allows for the aggregation
of supplementary information learned from both low-level
and high-level features, resulting in more accurate prevention
of frame blur effects. In our final model, we have opted
for ‘‘fusion-concat’’ as it has shown superior performance
compared to ‘‘fusion-add’’.

3) TEMPORAL STRIDING
Convolutional neural networks (CNNs) commonly use pool-
ing or striding techniques, but these can inadvertently discard
important fine details in images, which are critical for gen-
erative tasks like deblurring. To verify this experimentally,
we applied 2x (1/2x) and 4x (1/4x) temporal striding in the
encoder (decoder), and the results in Table 5(b) supported
this hypothesis, showing a drop-in performance from 36.3 to
35.2 with larger temporal striding. As a result, we opted to
use a temporal stride of 1 in all the 3DConv layers.

4) LOSS FUNCTION
Previous studies [45] have examined the comparison between
pixel-based losses and perception-powered losses [24].
Relying solely on L1 or L2 loss can increase the PSNR score,
however, such optimization often leads to overly smooth
outputs and visually blurry predictions. On the other hand,
incorporating VGG-based perception loss could yield visu-
ally sharper images. However, based on the results presented
in Table 5(d), it appears that adopting additional loss func-
tions such as Huber loss or VGG loss did not lead to
improvement in PSNR and SSIM metrics, except for the case
of using only L1 loss, which resulted in increased visual
sharpness of the image in our study.

5) CHANNEL GATING
Channel gating and 3DVT blocks play a significant role
in the designed network, operating in two distinct attention
mechanism fashions. Notably, the model trained without the
spatiotemporal feature gating demonstrates a considerable
decrease in the PSNR value, it drops from 36.37 to 32.1dB,
as shown in Table 5(e). Similarly, the PSNR value drops
from 36.37 to 31.97dB while omitting the 3DVT block,
as illustrated in Table 5(g). This can be interpreted as that the
introduced model has successfully learnt to put more atten-
tion weight on regions with significant motion, as visualized
in Fig. 10, which further validate the effectiveness of the
adopted attention mechanisms for this deblurring task.

Ablation results revealed the importance and the influence
of each designed component. By taking in consideration the
findings of this ablation study, we settle on a final 3D-ISPNet
model structure, which enables an effective and robust video
blur effect prevention using sensor raw data.
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TABLE 5. Ablation results for 3D-ISPNet design on different components;
(a) backbones, (b) temporal striding, (c) fusion methods, (d) loss
functions, (e) channel gating block, and (g) 3DVT block.

FIGURE 10. Attention map visualization with versus without 3DVT.
(a) depicts the input blurry images. (b), and (d), display the resultants
attention maps with and without 3DVT, respectively. Whereas (c) and
(f) are overlying attention maps on the input blurry images.

6) INPUT CONTEXT Z
The number of input frames, denoted as Z, plays an important
role in video blur prevention, as it determines the temporal
context available to the model. A larger Z provides richer
motion cues and generally improves accuracy, but it also
increases computational cost and memory usage, which can
hinder real-time performance. In Fig. 11, through empirical
evaluation, we found that using 8 consecutive frames strikes
the best balance between effectiveness and efficiency. This
setting provides sufficient temporal information for reli-
able blur suppression while maintaining practical inference
speed, making it a suitable choice for real-time deployment
scenarios.

D. GENERALIZATION TO OTHER SENSORS
In order to verify that the 3D-ISPNET model pre-trained on
the novel Blurry-RAW dataset is also able to perform well on
different sensors/devices. As an additional resource, we chose

HdM-HDR, as a burst photography public dataset [37]. HdM-
HDR was constructed originally for low-light imaging and
high dynamic range (HDR) on smartphone cameras. The
dataset content was captured using various phones running
the Android’s Camera2 API. Each burst is of 15 or 30 fps.

FIGURE 11. The Influence of input context Z, for video blur prevention.

FIGURE 12. 3D-ISPNet real blurry frames restoration. Blur effects are due
to objects motion under the long exposure mode.

FIGURE 13. 3D-ISPNet generalization capability to various camera
sensors.

We select the HdM-HDR subset which consists of
153 bursts. In each burst, the first five frames are utilized to
synthesize blurry images, whereas the middle ones are kept as
the ground truth sharp images. Less than five frame bursts are
simply discarded. We fine-tuned the pre-trained 3D-ISPNet
with a learning rate of 1e-4 for 60 K iterations. The outcomes
are visualized in Fig. 13, showcasing the model’s adaptive
blur prevention capability learned through the training pro-
cess. Thus, the deployment of the proposed pre-trained model
is generalizable to various camera sensors.
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VI. DISCUSSION AND FUTURE WORK
In our research, we explore the potential and effectiveness of
the proposed method for preventing video blur using RAW
data.We have developed a unique dataset called Blurry-RAW,
which is the first blur prevention-oriented video dataset with
high frame rate RAW features. By averaging high fps videos,
we synthesized more realistic and smoother blur effects
without aliasing artifacts. Through a series of experiments,
we verified that learning directly from the RAW domain is
indeed beneficial for video blur effect prevention task.

Although there may be more sophisticated cameras which
can record higher frame rates under RAW video mode,
to the extent of our ability, the 60 fps Canon EOS-1D X
Mark III camera, is what we possess at the moment for
high frame rate RAW data collection. Nevertheless, the con-
structed Blurry-RAW dataset is still relatively of an optimal
quality, as a RAW-featured high fps video dataset which holds
promise for blur effect prevention. It facilitates end-to-end
model training using high-bit sensor raw data, enhancing the
potential for advancements in this field.

Beyond video blur effect prevention, the proposed
3D-ISPNetmodel also can easily be deployed as amajor com-
ponent in a blur-aware camera ISP system, as it can perform
one a core subtask of an ISP system in an end-to-end fashion.
Our future works will investigate the possibility of extending
the 3D-ISPNet capabilities, to be a multi-tasks model, able
to cover further functions, like, video interpolation and high
dynamic range reconstruction.

VII. CONCLUSION
In this study, high-bit and high fps camera sensor data have
been leveraged to address the very ill-posed blur effects
phenomenon through a newly introduced preventive strat-
egy. As there has been a scarcity of RAW-featured datasets,
the majority of the previous methods have been concen-
trating on the processed low-bit RGB data, missing crucial
details that can only be obtained from high-bit RAW data.
As a solution, Blurry-RAW has been constructed, as the first
high fps RAW-featured blur prevention video dataset. The
introduction of the Blurry-RAW dataset has opened up a
new possibility to explore models end-to-end training using
informative sensor raw data. Subsequently, as an innovative
CNN-Transformer hybrid model architecture, 3D-ISPNet has
been designed specifically to fit the high-bit camera sen-
sor data-driven video blur prevention task. Extensive and
diverse experiments have shown that the valuable and rich
information present in RAW data provides significant bene-
fits for blur prevention task. The trained 3D-ISPNet model
has exhibited a high effectiveness in restoring finer struc-
tures and textural details. Thus, the fact of being able to
directly operate in the RAW(high-bit) domain on high fps
sensor data for preventing the occurrence of blur effect in
the RGB domain, is what has distinguished the proposed
method from the prior techniques. The method presented in
this study has demonstrated superior performance compared
to other related approaches, both in terms of quantitative and

qualitative evaluations, resulting in a cutting-edge level of
achievement.
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