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Abstract— In many image processing applications, image de blurring is an essential preprocessing step that
addresses degradation caused by motion blur, defocus, or defective sensors. The importance of image de
blurring resides in its capacity to restore clarity, improve image quality, and increase the accuracy of
following analyses, including object detection, recognition, and medical imaging. Effective de blurring
techniques can have a major impact on the accuracy and dependability of results in domains such as digital
forensics, autonomous driving, security surveillance, and satellite imaging. Recent advances in deep
learning and computational algorithms have enabled more effective and superior deblurring techniques,
offering significant improvements over conventional methods. This study proposes the development and
evaluation of an effective image de blurring model, MSRED Net, aimed at producing high-quality images
from blurred inputs. The model utilizes an advanced deep learning approach to proficiently resolve the
issues related to image blur. The proposed MSRED Net comprises a hierarchical multi-scale feature
extraction block, an encoder-decoder with a residual block, and a multi-scale feature integration block. The
suggested MSRED Net framework is evaluated on the GoPro dataset. The findings show that MSRED Net
achieves an impressive PSNR of 36.89 dB and an SSIM of 0.972, indicating its remarkable ability to restore
fine details, lower noise, and keep the structural integrity of de blurred images. These findings demonstrate
how MSRED Net can be a strong and dependable option for image deblurring in practical applications

where quality and visual impact are crucial.

Index Terms— Digital Image Processing, Motion Blur, De blurring, Deep Learning, Image Restoration,

Peak Signal to Noise Ratio, Structural Similarity Index Measure.

I. INTRODUCTION
I1. The rise in popularity of digital cameras in recent years has made it simpler for people to take a lot of

digital images. The amount of "failure” images, such as those that are over- or underexposed, noisy, blurry,
or have unusual colors, rises along with the number of casual photographers [1]. It is crucial in this case to
automatically prevent and fix failed images. Digital cameras continually improve their automatic correction
features, including auto-exposure, automatic white balance, and noise reduction, to resolve issues related to
exposure, color, and noise[2].However, it appears that modern digital cameras can only deal with image blur
in a restricted way; they do not directly address motion blur or defocus blur. In order to reduce camerashake
blur, modern cameras usually have an anti-camera shaking technology that modifies the lens or the image

sensor to counteract motion detected by an accelerometer. However, defocus blur prevents objects at
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different depths from being sharply caught simultaneously (depth-of-field effects), even though a certain

scene depth can be targeted using an auto-focus function. Due to auto-focusing failure, defocused images
are also frequently observed in personal image collections. Additionally, when a camera detects motion in
an image, it can only lessen motion blur from moving objects by raising shutter speed and sensor sensitivity,

although at the expense of increased noise levels. Figure 1 illustrates examples of blurred images.

Fig. 1. Examples of Blurred Images

There are three primary types of blur in digital imagery: Gaussian blur, motion blur, and camera out-of-
focus blur. The Gaussian blur results from applying a low-pass filter derived from a 2D Gaussian function
on an image. The Point Spread Function (PSF) for atmospheric turbulence blur can be viewed as a Gaussian
blur. The Gaussian blur features a 15 x 15 PSF and a matching Optical Transfer Function (OTF). The
OTFof the Gaussian PSF is also a Gaussian function[3]. The relative movement of the scene and the
recording device causes motion blurs. This might occur as a rotation, abrupt scale shift, translation or other
combinations. When a camera captures a 3D scene into a 2D imaging plane, certain elements are in focus
while others are not.The Circle of Confusion (COC) is the image of any point source that appears as a little
disk when the camera’s aperture is circular. The degree of defocus (the diameter of the circle of confusion)
is dependent upon the lens's focal length, aperture setting, and the distance from the camera to the subject.
The diameter of the COC is defined by an exact model that also describes its intensity distribution[4]. When
the degree of defocusing significantly exceeds the wavelengths, a geometrical method can produce a
uniform intensity distribution within the COC.

Currently, image deblurring is used in many different fields. In medical imaging, it improves the quality of
diagnostic images, including MRI and CT scans, enabling a more precise diagnosis. In autonomous systems,
deblurring enhances the dependability of sensor data, enabling self-driving vehicles and drones to navigate
and comprehend their environments more effectively. In satellite imaging, it improves the quality of aerial
and space-based images, facilitating more accurate environmental monitoring and disaster management.
Moreover, image deblurring is essential in security and surveillance, where clear images are essential for
precise facial recognition and object detection. The capacity to restore clear and detailed images is essential
for enhancing decision-making and operational efficiency across various real-world applications.This paper
proposes an efficient Deep Learning (DL) enabled model for image deblurring. With its potent methods for
recovering high-quality images from blurred inputs, the association of DL for image deblurring has
completely transformed the area. DL methods facilitate the automatic acquisition of intricate patterns and
characteristics in images. These models can proficiently differentiate between noise and relevant features,
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improving image clarity while maintaining structural integrity. The major contribution of the proposed work

include:
+«+ Design of the Multi-Scale Residual Encoder-Decoder Network (MSREDNet) model to effectively
address image blur issues with an advanced DL methodology.
«* Incorporating a hierarchical multi-scale feature extraction block improves the deblurring process by
allowing the model to capture a variety of visual features at various scales.
« Employment of an encoder-decoder framework with a residual block enhances the model's capacity

to retrieve small features while preserving image quality and structural integrity.

The remaining section of the paper is arranged as follows: Section 2 offers asummary of the existing
research, emphasizing areas necessitating further exploration. Section three offers a comprehensive
explanation of the methodology. Section 4 presents the findings derived from the proposed methodology in
detail. The study concludes by summarizing and evaluating the results in Section 5.

1. Literature Review

DeShong Li et al. [5] developed a method for learning representations through image reblurring and
deblurring. An encoder was initially employed to explicitly learn the representations of degradation. A
Multi-Scale Deterioration Injection network (MSDI-Net) was subsequently devised to efficiently combine
degradation representations for reblurring and deblurring. Through integration, MSDI-Net can adaptively
manage diverse and complex hazy patterns. The testing results indicated that the proposed strategy
surpassed existing methods by a significant margin.Fu-Jen Tsai et al. [6] introduced a transformer-based
architecture, termed Strip former, which generated intra- and inter-strip tokens to recalibrate image
attributes in both horizontal and vertical orientations, thereby capturing hazy patterns with varying
alignments. The interstrip and intra-strip attention layers were interlaced to provide clarity on blur
magnitudes. In addition to being a tokenand parameter-efficient transformer framework, Strip former
discovered specific region patterns of different magnitudes and orientations. Experimental findings
indicated that Stripformer outperformed leading models in dynamic scene deblurring. lyeon Kim et al. [7]
introduced MSSNet, a coarse-to-fine methodology that addressed the identified deficiencies. MSSNet used a
stage configuration that included pixel-shuffle-based multi-scale network architecture, blur scales, and inter-
scale feature propagation. In terms of accuracy, computation time, and network size, the testing findings
demonstrated that the suggested framework outperformed previous existing approaches, confirming the
effectiveness of the technological components.

A frequency domain-based self-attention solver (FSAS) was designed by Lingshun Kong et al. [8] to
compute the scaled dot-product attention using an element-wise operation rather than matrix multiplication
in the spatial domain.This was followed by the development of a basic discriminative frequency domain-
based feedforward neural network (DFFN). Based on an encoder and decoder framework, the suggested
FSAS and DFFN were developed into an asymmetrical network.The simulation findings demonstrated that

the suggested approach surpassed the current methodologies. Zheng Chen et al. [9] introduced the
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Hierarchical Integration Diffusion Model (HI-Diff) for real image deblurring. HI-Diff employed the

diffusion model to produce the previous feature for a regression-based approach in the deblurring
process. The diffusion model produced a prior feature that enhanced the details of the deblurred image, while
the regression-based approach maintained the overall distribution. Additionally, the hierarchical integration
module (HIM) was introduced to hierarchically combine prior data and image features of the transformerto
enhance generalization capabilities in intricate, blurred situations. Extensive research on blur datasets
demonstrated that the proposed HI-Diff outperformed leading methodologies. A Multi-scale Residual Low-
Pass Filter Network (MRLPFNet) was introduced by Jiangxin Dong et al. [10] that concurrently examined
image details and basic structures for image deblurring.The self-attention mechanism was used to create a
learnable low-pass filter that more effectively analysed spatially-variant structures. A wavelet-based feature
fusion approach was introduced to efficiently combine data with varying spatial resolutions.The RLPF
module was transformed into a fully trainable network employing an encoder-decoder framework and
incorporated wavelet-based feature fusion to combine multi-scale information. The simulation findings
indicated that the proposed strategy surpassed existing solutions on commonly employed benchmarks.
Yuning Cui et al. [11] introduced a Spatial Attention Module (SAM) that employed self-attention through
dynamic group convolution to assimilate input from local regions, thereby augmenting representation
learning efficacy and mitigating computing demands.SAM used the global feature to build selective
attention weights and applied attention to the limited area. A frequency attention module (FAM) was
developed to enhance pertinent frequency sub-bands by isolating and modulating frequency components.
The two blocks were integrated into a U-shaped baseline system. Comprehensive assessments of current
benchmarks demonstrated that the suggested model attained enhanced accuracy with rapid inference speed.
For the coarse details of the crisp image at intermediate layers, Mengwei Ren et al. [12] offered a multiscale
structural guidance as an implicit bias that directed the image-conditioned Diffusion Probabilistic Models
(icDPM). This focused strategy resulted in a significant enhancement in the deblurring outcomes, especially
in the unobserved domain. The guidance was extracted from the latent space of a regression model aimed at
predicting the clean-sharp target at many lower resolutions, thus maintaining the essential sharp structures.A
model trained on a single dataset was assessed on various datasets and shown superior deblurring
performance with reduced artifacts on unknown data. The proposed technique surpassed current baselines,
attained superior perceptual quality, and maintained competitive distortion metrics.Yanni A multi-scale
frequency separation network (MSFS-Net) was offered by Zhang et al. [13] in order to deblur images.
MSFS-Net integrated the frequency separation module (FSM) into an encoder-decoder framework, which
consolidated low- and high-frequency image data across several scales. A cycle-consistency method and a
contrastive learning module (CLM) were devised to preserve low-frequency data and reconstruct high-
frequency data throughout the deblurring process. A cross-scale feature fusion module (CSFFM) finally
integrated the characteristics of many scales. The proposed network attained exceptional performance, as
evidenced by comprehensive evaluations on benchmark datasets.

Liang Chen et al. [14] designed a data-driven framework to depict saturated pixels via a learnt latent

map.The suggested approach formulated the non-blind deblurring procedure as a maximum a posteriori
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(MAP) issue, allowing for efficient resolution through iterative computation of the latent map and latent

image. A map estimation network (MEN) generated the latent map, while a Richardson-Lucy (RL)-based
updating technique executed the latent image estimate. A prior estimation network (PEN), subsequently
integrated into the reinforcement learning framework, was developed to acquire prior knowledge for the
estimation of high-quality deblurred images absent of amplified artifacts. The experimental findings
demonstrated that the suggested method surpassed leading algorithms in both statistical and qualitative
assessments on images.In order to forecast the latent codes instead of the motion kernels, Zhenxuan Fang et
al. [15] suggested employing normalizing flows to highlight the domain of motion blur kernels in a latent
space. An uncertainty learning strategy was presented to enhance the precision and robustness of non-
uniform kernel evaluation in latent code estimation, accompanied by a multi-scale kernel attention block to
more effectively integrate image features with the estimated kernels. According to comprehensive
simulation findings, the suggested approach achieved existing results as well as exceptional generalization
performance for non-uniform image deblurring.A scaled untrained Deep Neural Network (DNN) was used
by Xiaole Tang et al. [16] to propose a dataset-free deep residual prior for the kernel-induced error, also
known as the residual, which allows for flexible adaptation to different blurs and images in real-world
applications. A semi-blind deblurring model was suggested that integrated the advantages of deep priors
with hand-crafted priors, effectively reconstructing a clear image from a blurred image and an incorrect blur
kernel. An effective alternating minimization technique was devised to address the specified model.
Comprehensive studies revealed the superior efficacy of the suggested strategy relative to model-driven and
data-driven approaches concerning image quality and resilience to various kernel errors.

The intricacy of non-uniform blur, noise, and huge motions severely challenges existing image deblurring
algorithms in real-world situations. Basic kernel-based approaches encounter difficulties with inaccurate
kernel estimations, frequently leading to undesirable artifacts. Estimating spatially variable kernels
enhanced accuracy but requires substantial processing resources. Diffusion modelsface limitations due to
their high computing costs and reliance on multiple inference processes. These factors can lead to
misaligned features and unwanted artifacts, ultimately reducing performance on distortion-based metrics
like PSNR. Furthermore, learnable low-pass filters and generative techniques, while promising, are less
applicable for complicated, real-world deblurring tasks since they either fail to match generated features
with actual targets or somewhat extend running times. So, in order to overcome the above-mentioned
limitations, this paper introduces an effective image deblurring technique.

2. Materials and Methods

An image is a representation of a scene in 3D, represented in 2D by the function f (x,y). The spatial
coordinates are defined by (x, y), and the amplitude of f at (x, y) determines the intensity of the image at a
given point. Adigital imageis an image where the intensity values of f, together with the values of x and y,
are discrete and finite. A pixel is the fundamental component of a digital image, characterized by a finite

quantity of these elements [17]. Each pixel is associated with a specific position and value.
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The points or image components that comprise a digital image are commonly called pixels, and they are

arranged in a digital image as a numerical grid. Images are 3D data indexed by two spatial coordinates; the
horizontal and vertical axes of an image are typically denoted as the variables x and vy, respectively. The
color or intensity of each pixel indicates its value, and the position of each pixel inside the matrix
corresponds to its place in the image. A multidimensional matrix is commonly used to depict the image
when encoding pixel information necessitates the usage of several values. Figure 2 illustrates how distinct

matrices highlight the intensities of red, green, and blue in an RGB encoding of an image.

Digital caloe image

Fig. 2: RGB Color Image Represented by Three Matrices
Accurate information may only be recognized and comprehended through the utilization of high-quality
images. Capturing an image under conditions of restricted auditory and visual clarity may result in hazy or
otherwise unusable outcomes.Blurdescribes the detrimental effect that fuzzy data has on image quality when
an image is being captured [18].Image blurriness arises from various factors, including an out-of-focus
camera, motion capture, and additional causes. Blur occurs when there is a disparity in speed between the
camera and the subject being captured, and it becomes progressively more challenging to remove as noise
increases. Motion within a scene represents a more challenging source of blur to rectify. Blur is visible to
the naked eye as a result of poor image development that decreased the bandwidth of the image. Blur can be
analyzed into its fundamental physical attributes, like reduced sharpness, rapid motion, or an unstable
environment. Light beams disperse as they travel through the atmosphere, producing a hazy effect. The
convolution of a latent image, f, with a blur kernel, k, and image noise will yield a blurred image,
g[19].The majority of deblurring issues can be addressed by assuming a linear shift-invariant (LSI) model,
which treats every point in the image as equally blurred. Eq. (1) represents the output of an LSIsystem,
defined as the convolution of the actual image with the camera function's impulse response.
9(x,y) =h(xy) « f(x,y) + n(x,y) (1)
The degraded measurement g (x,y) yields the genuine image to be recovered, denoted by f (x,y), where
(x,y) represents spatial coordinates. In this case, "*" denotes the convolution process, h (x,y) is the
imaging system's Point Spread Function (PSF), and n (x,y) is the additive white Gaussian noise
(AWGN).Eq. (2) provides the Fourier-domain representation of the image degradation model.
G(u,v) = F(u,v)H(u,v) + N(u,v) (2

The blurred image is a warped representation of the original image since each pixel can be highlighted as a
weighted sum of the corresponding pixel in the original image and its neighbors.The weights are determined
by the degradation function value, and the weighted sum operation is referred to as a 2D convolution.When
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there is no blur, the PSF acts as a delta function and captures the image precisely. A single image point will

be mapped to a single scene point [20]. PSF can be expressed mathematically as in Eqg. (3).
h(x,y) = 6(x,y) (©)

When blur occurs, the PSF exhibits variations in both size and form. PSF can be shown as a blur with a
specific degree of spread in a specific direction when motion blur is present. The PSF varies according to
the type of blur. A non-blind deconvolution process can obtain the reconstructed image if the degradation
function is known.Motion blur might involve multiple operations, including translation, rotation, or scaling.
Uniform motion blur accounts for global translation when the scene moves at a constant speed relative to
the camera. The angle indegrees between the camera and the scene during theinterval [0, T] is represented

byv,. Eq. (4) represents the PSF because it defines the length of motionas L = vy X T.

hx,y; L,6) = %,if \/xz + y? S% and §= —tand @)
0, Otherwise

Image deblurring is an essential task that improves the quality and usability of images that have been
degraded by atmospheric disturbances, motion blur, or out-of-focus difficulties. It is crucial in applications
including photography, medical imaging, surveillance, and autonomous systems, where precise and distinct
images are critical for accurate analysis and decision-making. Image deblurring enhances visual clarity and
recovers lost features, hence increasing feature extraction, object recognition, and the overall efficacy of
subsequent tasks across diverse domains, establishing it as a fundamental component in numerous image-
processing pipelines.

This paper develops a Multi- Scale Residual Encoder Decoder Network (MSREDNet) for image deblurring.
The proposedMSREDNetfor image deblurring has a hierarchical architecture aimed at extracting and
reconstructing features across various resolutions. The model initiates the processing of the input image via
a sequence of convolutional layers and residual blocks, systematically encoding it into lower-dimensional
feature representations while preserving essential spatial information. Every scale of the network enhances
these properties through an encoder-decoder module that incorporates down-sampling, residual learning,
and up-sampling processes. The multi-scale structure ensures the effective capture and resolution of both
global and local blur patterns. The network finally integrates data from all scales via up sampling and
concatenation processes, producing a clear, deblurred image with retained features and enhanced

clarity.Figure 3 illustrates the block diagram of suggested image deblurring model using MSREDNet.
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Fig. 3: Block Diagram of Suggested Image Deblurring Framework
3.1 Dataset Description

The proposed study utilizes the GoPro dataset for image deblurring [21]. The GoPro dataset for deblurring
comprises 3,214 blurred images, each measuring 1,280%720 pixels, partitioned into 2,103 training images
and 1,111 test images. Figure 4 illustrates the sample images from both the training and testing sets.
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Fig. 4: Images from (a) Training Set (b) Testing Set
3.2 Image Preprocessing

Several preprocessing methods are usually used before feeding images into the MSREDNet model for
image deblurring in order to assure data consistency, increase learning effectiveness, and improve the
model's performance. The primary preprocessing techniques encompass normalization, resizing, and
cropping.Normalization is the process of scaling pixel values to a range, often [0, 1] or [—1, 1], in order to

avoid problems like vanishing gradients and to stabilize the learning process. For an image I with pixel
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values I(x,y) € [0,255], where x and y are pixel coordinates, the normalization process can be expressed

mathematically as in Eq. (5).

I(x,
Inorm (%, y) = o2 (5)

Resizing is an essential step to ensure that all images have the same dimensions. Let an imagelpossess
dimensions h X w X ¢, where h denotes height, w signifies width, and chighlights the number of
channels. The proposed framework utilized a fixed image size of 200 x 200 x 3. Images that have
differing aspect ratios may distort when resized. Cropping is used to change the image's dimensions without
drastically altering the aspect ratio in order to prevent this.
3.3 Proposed Multi- Scale Residual Encoder- Decoder Network (MSREDNet) for Image
Deblurring

The proposed MSREDNet mainly consists of Hierarchical multi-scale feature extraction block, Encoder-
decoder network with residual block and multi-scale feature integration block.A hierarchical multi-scale
feature extraction technique is used by the suggested image deblurring model, in which the input image is
progressively processed on three scales: Scale 1, Scale 2, and Scale 3. The hierarchical design of the model
enables it to extract both global structural elements and fine-grained features, which are crucial for
reconstructing blurry images. Additionally, this design enables the model to record spatial information at
various resolutions. Figure 5 visualizes the detailed model architecture of hierarchical multi- scale feature

extraction block.
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Fig. 5: Hierarchical Multi- Scale Feature Extraction Block
The input image, which has dimensions of 200 x 200 x 3, is subjected to an initial feature extraction
process at the first scale using a sequence of Conv2D layers. The scale 1 block consists of 3 x 3
convolutional layers, residual blocks, batch normalization, dropout, maxpooling and Encoder- Decoder.
Three consecutive 3 x 3 convolutional layers are constructed, utilizing 64 filters and ReLU activation. The
goal is to maintain the input image's spatial resolution while extracting low-level elements like edges,
textures, and gradients. Each residual block has two 3 x 3 convolutions using 64 filters and RelLU

activation, followed by adding the input feature map to the output one element at a time. This aids in
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maintaining the input features and mitigates vanishing gradients during training. The batch normalization

layer standardizes the feature maps, promoting numerical stability and expediting the training process by
mitigating internal covariate movements. A dropout rate of 0.1 is utilized to randomly deactivate certain
neurons during training, thus mitigating overfitting and enhancing generalization. A pooling operation
compresses the feature map to enable hierarchical processing while lowering the spatial dimensions and
keeping important information. An encoder-decoder framework receives the output of Scale 1. The encoder
reduces the features, extracting hierarchical patterns, while the decoder increases them to maintain spatial
dimensions and enhance the extracted features. Similar to this Scale 2 consists of an additional Encoder-
decoder and a deconvolutional layer. This technique increases the spatial dimensions, facilitating the
combination of lower-resolution features with higher-resolution counterparts. Scale 3 can be used for high
level feature extraction. The high-level features are processed by three successive encoder-decoder
networks, which gradually improve the contextual and spatial details. During multi-scale integration, these
networks make sure that the higher-level abstractions work in balance with the lower-level features.

Every scale incorporates an encoder-decoder architecture using residual blocks. The encoder systematically
reduces the features via Conv2D layers, acquiring hierarchical information, while the decoder enhances the
features through deconvolution layers to restore the spatial dimensions. Residual blocks in both the encoder
and decoder stages reduce the risk of information loss during convolutional processes by maintaining the
original input features. Furthermore, the encoder-decoder pipeline is made more robust by the addition of
batch normalization and dropout layers, which ensure effective training. Figure 6 visualized the detailed

architecture of Encoder- Decoder with residual block.
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Fig. 6: Architecture of Encoder- Decoder with Residual Block
The model utilizes a concatenation-based technique for the integration of characteristics gathered at various
sizes. Features from Scale 1 are upsample using a deconvolution layer and concatenated with features from
Scale 2, resulting in an integrated feature representation. This integrated representation is subjected to
further convolution to efficiently combine the information. In a similar manner, features from Scale 2 are
upsample and combined with the high-level characteristics from Scale 3. The model attains a
comprehensive representation by incrementally integrating features across many sizes, encompassing both
intricate details and overarching context. The combined representation undergoes additional processing via

convolutional layers to produce the final deblurred image. Using a sequence of 1 X 1 convolutions, the final
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layers of the model gradually improve the deblurred image in order to lower dimensionality and reconstitute

the RGB output. Figure 7 visualizes the multi-scale feature integration module.
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Fig. 7: Architecture of Multi-Scale Feature Integration Block

The suggested image deblurring model uses a hierarchical multi-scale architecture to process 200 x 200 X
3 input images and provide a deblurred output. The input image undergoes normalization and is then
processed through Scale 1, comprising three sequential 3 X 3 convolutional layers with 64 filters and ReLU
activation to extract low-level features, including edges and textures. This is succeeded by two residual
blocks that enhance the features while maintaining spatial details. Batch normalization assures numerical
stability, while dropout (rate 0.1) reduces overfitting. A max-pooling layer diminishes the spatial
dimensions to 100 x 100 x 64, which are subsequently processed using an encoder-decoder network to
extract hierarchical patterns and restore features. The output is fed into Scale 2, where three 3 x 3
convolutional layers with 128 filters and ReLU activation extract mid-level features, and two residual
blocks improve feature refining. Batch normalization and a 3 x 3 deconvolution layer (stride 2 x 2) upscale
the features to 200 x 200 x 128, which are subsequently processed through two sequential encoder-
decoder networks for denoising and detail refining. Three 3x3 convolutional layers with 256 filters and
ReLU activation are used to capture high-level features in Scale 3 output. Two residual blocks are then used
to further enhance abstract patterns. Batch normalization, a dropout rate of 0.1, and a 3 x 3 deconvolution
layer upscale the features to 200 x 200 X 256, which are further processed through three encoder-decoder
networks to recreate intricate details. The outputs from all three scales are combined by a deconvolutional
layer and concatenation, combining low, mid, and high-level data. Multiple convolutional layers with ReLU
activation process the combined features, yielding a deblurred output with dimensions of 200 x 200 x 3.
This hierarchical structure enables efficient extraction and integration of data across scales for successful
image deblurring.

3.4 Simulation Setup

The proposed image deblurring model, MSREDNet has been implemented on Google Collaboratory
platform with Python language. The hyper parameters used to train the suggested image deblurring model
were carefully chosen to assure peak performance. The training procedure encompassed 100 epochs with a
batch size of 8, facilitating quick gradient updates while preserving a feasible memory footprint. The Adam
optimizer was employed, utilizing its adaptive learning rate features to efficiently optimize the model's
weights. A constant learning rate of 0.0001 was selected to provide stable convergence. The mean squared
error (MSE) served as the loss function, reducing the pixel-wise discrepancies between the deblurred and

reference images. The model's performance was assessed using Peak Signal-to-Noise Ratio (PSNR) and
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Structural Similarity Index Measure (SSIM) as metrics, offering insights into the quality of the

reconstructed images and their perceptual similarity to the originals. These hyper parameters significantly
enhanced the model's capacity to generate high-quality deblurred images. Table 1 provides the hyper
parameters utilized by the proposed MSREDNEet.

Table 1: Hype rparameters Utilized by MSREDNet

Hyper parameter Value
Batch Size 8
Optimizer Adam

Loss Function MSE
Metric PSNR, SSIM
Number of Epochs 100
Learning Rate 0.0001

3. Results and Discussion

4.1 Evaluation Metrics

The proposed MSREDNet has been evaluated in terms of various hyper parameter such as MSE, PSNR and
SSIM [22]. The MSE is a commonly utilized metric that quantifies the average squared difference between
the pixels of the original image and those of the processed (distorted) image.lt is the most widely used
metric in image quality measurements. A lower MSE value signifies proximity to the original image,
indicating reduced distortion or error between the original and the degraded image. TheMSEquantifies the
difference between original and degraded images; nevertheless, it does not consistently align with human
sense of image quality. Eq. (6) illustrates the computation of the MSEby averaging the squared intensities of
the pixels from both the original (input) image and the resultant (output) image.

MSE = ~ %I, (I; - J)? (6)
Where N denotes the total pixel count in the images, I; indicates the intensity (pixel value) of thei*® pixel in
the first image, and J; indicates the intensity of the corresponding pixel in the second image. The
equation(I; — J;)? computes the squared difference between the pixel values of the two images.
PSNR is a quantitative metric for image quality derived from the pixel discrepancies between two images.
This metric is frequently utilized to evaluate the quality of compressed images compared to their original
versions. The PSNR evaluates the ratio of the maximum possible power of a signal to the power of the noise
that degrades its quality.PSNR is computed using the MSE between the original and the degraded images. It
is quantified in decibels (dB) and is expressed in Eq. (7).

2
PSNR = 10.10g1o(5 o) )

Where MAX denotes the maximum attainable pixel value. The MSE quantifies the discrepancy between the
original and the deformed image.Human impression of image quality is not necessarily correlated with
PSNR; also, PSNR is sensitive to minute variations in pixel values and is unable to precisely capture subtle

perceptual distinctions.
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SSIM is a commonly utilized metric for assessing the similarity between two images. It evaluates structural

similarities by analyzing luminance, contrast, and structure. SSIM quantifies the similarity of images on a
scale from -1 to 1, with 1 representing perfect similarity. It accounted for both brightness and structural
similarity. The SSIM is calculated as follows: Initially, the original and deblurred images are segmented into
8 X 8 blocks, which are subsequently transformed into vectors. Secondly, two standard deviations and one

covariance value are calculated from the images. Eq. (8) displays the formula for SSIM.

SSIM = (2#xﬂy+01)(20xy+02) (8)

(u2+p3+c,) (02 +05+c3)

4.2 Performance Evaluation and Comparison

When training the image deblurring model, the loss plot is an essential tool for assessing its performance.
By tracking the MSE loss across epochs, the plot illustrates how well the model is minimizing the difference
between the deblurred images and the ground truth.A loss that is continuously declining suggests that the
model is learning efficiently. A low MSE value for image deblurring indicates that the reconstructed images
have pixel intensity that is very similar to the original images, which is essential for generating clear and

sharp images. Figure 8 represents the loss plot of the suggested MSREDNet.

Tralming and Valdation Loss

Fig. 8: Loss Plot of Proposed MSREDNet
The SSIM plot is an essential instrument for assessing the efficacy of image deblurring algorithms across
epochs. It offers a visual depiction of the degree to which the restored image aligns with the ground truth
about structural information. As the model learns to reconstruct sharper images, the SSIM graph's
inclination in the early epochs represents its gradual improvement. As the model converges, the graph
generally stabilizes, signifying that the SSIM has attained its optimal value. Figure 9 illustrates the SSIM
plot of proposed MSREDNEt.
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Fig. 9: SSIM Plot of Proposed MSREDNet
The PSNR graph is an essential indicator for assessing the efficacy of image deblurring algorithms over

training epochs. It demonstrates the model's capacity to rebuild images with high fidelity by calculating the
quality of deblurred images in comparison to their ground truth equivalents. An upward PSNR curve
signifies enhanced image reconstruction as the model effectively reduces blur throughout training. The slope
of the curve indicates the model's advancing learning efficiency, while a consistent, elevated PSNR in
subsequent epochs denotes convergence and proficient deblurring abilities. Figure 10 illustrates the PSNR
plot of proposed MSREDNEet.
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Fig. 10: PSNR Plot of Proposed MSREDNet
Table 2 provides the performance evaluation of the suggested MSREDNet. The evaluation measures, which
include a MSE of 0.002, a PSNR of 36.89 dB, and a SSIM of 0.972, illustrate the remarkable performance
of the suggested image deblurring model. The low MSE value signifies that the model proficiently reduces
the average squared discrepancies between the predicted and actual pixel intensities, demonstrating its
capacity to reliably reconstruct images with minimum error. The increased PSNR value further confirms the
model's efficacy, as PSNR measures the ratio of signal strength (original image data) to the noise produced
during processing, with 36.89 dB signifying high-quality reconstruction with minimal distortion.
Table 2: Performance Evaluation of Proposed MSREDNet

Performance Metrics Obtained Results
MSE 0.002
PSNR 36.89 dB
SSIM 0.972
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The SSIM value of 0.972 highlights the model's proficiency in maintaining essential structural and

perceptual attributes, including texture, edges, and brightness, so assuring that the deblurred images closely
match their original versions in human visual perception. These measures collectively demonstrate the
suggested model's robustness and dependability, demonstrating its capacity to accomplish excellent image
deblurring with high fidelity and suitability for practical applications where exact image clarity is crucial.
Table 3 provides the performance comparison of suggested MSREDNet with existing image deblurring
models in terms of PSNR and SSIM.

Table 3: Performance Comparison with Existing Image Deblurring Approaches

Authors and Year Image Deblurring PSNR SSIM
Technique

Dasong Liet al. [5], (2022) MSDI-Net 33.28 0.964

Fu-Jen Tsai et al. [6], Stripformer 33.08 0.962
(2022)

Kiyeon Kimet al. MSSNet 33.39 0.964

[71,(2022)

Lingshun Konget al. [8], DFFN 34.21 0.9692
(2023)

Zheng Chenet al. [9], HI-Diff 33.33 0.964
(2024)

Jiangxin Donget al. [10], RLPF 34.01 0.9682
(2023)

Yuning Cuiet al. [11], DDANet 33.07 0.962
(2023)

Mengwei Renet al. [12], icDPM 31.19 0.943
(2023)

Yanni Zhanget al. [13], MSFS-Net 33.46 0.964
(2023)

Zhenxuan Fanget al. [15], UFPNet 34.06 0.968
(2023)

Proposed (MSREDNet) 36.89 0.972

The proposed MSREDNet image deblurring model demonstrates exceptional performance relative to
existing approaches, evidenced by its superior PSNR of 36.89 dB and SSIM of 0.972. When comparing
PSNR values, MSREDNet performs better than the majority of the models, including the MSDI-Net
(33.28), Stripformer (33.08), and even MSSNet (33.39). MSREDNet demonstrates superior image
reconstruction with reduced distortion, effectively maintaining the original image quality. Regarding SSIM,
MSREDNet outperforms other models with a value of 0.972, indicating its proficiency in maintaining

structural elements such as edges, textures, and brightness, which are essential for perceived image quality.
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The SSIM value of MSREDNEet is higher than that of several popular models, such as MSDI-Net (0.964),

Stripformer (0.962), and UFPNet (0.968). This shows that it is better at keeping the structure of the image
and giving a more natural and accurate deblurring result. DFFN (0.9692) and RLPF (0.9682) are
comparable models. The results show that MSREDNet not only improves image quality by reducing noise
more effectively, but it also keeps the structure of the image more securely, making it a better choice for
deblurring images than current methods. Figure 11 shows the deblurred output images of the proposed
MSREDNet model.

Deblurred Image

Deblurred Tmage

il E

Fig. 11: Image De blurring Outputs Using the Proposed MSREDNet Model

4. Conclusion

Image de blurring is essential in modern life, where high-quality visual data is vital in several domains, like
medical imaging, satellite imaging, autonomous systems, security, and multimedia applications. Digital
images frequently experience distortions such as motion blur, camera shake, or defective sensors; hence, de
blurring techniques facilitate the restoration of intricate details and the enhancement of image clarity, so
enabling more precise analysis and decision-making. This paper proposed the development and evaluation
of an efficient image de blurring model, MSREDNet, designed to produce high-quality images from blurred
inputs. The model employed an advanced deep learning technique to effectively address the problems
associated with image blur. The proposed MSREDNet comprises a hierarchical multi-scale feature
extraction block, an encoder-decoder with a residual block, and a multi-scale feature integration block. The
model was assessed using the GoPro dataset, producing a notable PSNR of 36.89 dB and an SSIM of 0.972
for MSRED Net. The results demonstrated the model's exceptional capacity to recover small features,

diminish noise, and preserve the structural integrity of deblurred images.
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