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Abstract—This paper presents an innovative method for
detecting blurry images by utilizing machine learning
techniques. It integrates traditional image quality attributes
with deep learning via a convolutional neural network (CNN) to
differentiate between sharp and blurry images. The use of a
diverse training dataset ensures the model’s robustness and
ability to generalize, while data augmentation techniques
mitigate the risk of overfitting. Experimental findings on
standard datasets confirm the effectiveness of the proposed
approach in detecting various types and degrees of blur,
including motion blur and defocus blur. This method constitutes
a significant advancement in blur image detection, offering a
versatile tool with potential for further refinement as machine
learning continues to evolve. Its applicability extends to a wide
array of real-world scenarios in image analysis and decision-
making processes.

Keywords—Blur Image Detection, Image Processing, Ma-
chine Learning, Feature Extraction, Convolutional Neural Net-
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1. INTRODUCTION

In the digital age, images play a vital role in various
applications, from medical imaging to surveillance,
photography, and more. However, the quality of an image can
greatly affect its usability and interpretability. One common
issue is image blurring, which can result from factors such as
motion, out- of-focus capture, or noise. These blurred images
can hinder the extraction of meaningful information from
visual data as critical details may be lost, making accurate
analysis and decision-making difficult.

Detecting and correcting these blurred images is crucial in
ensuring accurate analysis and visual representation. This is
where Machine Learning (ML) techniques come into play.

ML leverages algorithms like neural networks to
automatically learn patterns and features from data with much
higher accuracy than traditional methods that relied on
inefficient handcrafted features and heuristic algorithms.

II.  RELATED WORK

The issue of blur detection in digital images has garnered
significant attention over the years due to its impact on the
quality and usability of visual data in various applications.
This literature review explores several approaches to blur
detection and deblurring across different domains,
highlighting traditional techniques as well as modern methods
using deep learning and machine learning.
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Early research in blur detection, such as the methods
introduced by Su, Lu, and Tan (2011), employed hand-crafted
features and thresholding techniques to identify blurred
regions in images, establishing foundational techniques for
later advancements in multimedia applications [1].
Subsequent reviews by Koik and Ibrahim (2013) elaborated
on classical methods including edge detection and gradient
analysis, which discern blur through abrupt changes in image
intensity, providing a baseline understanding of blur detection
that would evolve with computational growth [2].

The emergence of deep learning, particularly
Convolutional Neural Networks (CNNs), marked a significant
shift in blur detection. Khajuria, Mehrotra, and Gupta (2019)
showcased the superiority of CNNs over traditional methods
for detecting blur in identity images, citing enhanced accuracy
and computational efficiency [3]. This transition to deep
learning is mirrored in the broader application of big data
analytics, as noted by Prakash (2024), who demonstrated how
data-driven strategies can optimize decision-making and
enhance organizational performance [4].

CNNs were also adapted for specific challenges such as
face detection in blurred images by Roozbahani and Zadeh
(2022), who developed methods to recover faces from motion-
blurred images, enhancing the robustness of surveillance and
biometric systems [5]. In parallel, Adke et al. (2021)
introduced a method using Deep Convolutional Neural
Networks (DCNNs) to remove blur from motion-blurred
images, effectively restoring image clarity by learning
complex patterns and applying deblurring filters during
training [6].

Further advancing the domain, Hurakadli et al. (2019)
focused on radial blur estimation and image enhancement
using deep learning [7]. This approach targeted specific types
of blur (radial), which often occurs in fast-moving object
photography, thus extending the applicability of deep learning
methods to specialized blur types. Applications of Machine
Learning in Image Deblurring: Machine learning approaches
have also made significant strides in handling blur-related
challenges. Priyadarshi and Shiradkar (2020) explored the use
of supervised machine learning to deblur images and extract
barcode data from photovoltaic modules [8]. Their work
demonstrated how machine learning could optimize
operations in industries like renewable energy, where clear
visual data is crucial for maintenance and monitoring.

Xu and Shi (2008) introduced geodesic active contours for
detecting contours in motion-blurred images, showing how
mathematical modeling techniques could complement
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machine learning approaches to improve contour detection in
blurred visuals [9].

Advanced Deep Learning Algorithms: Recent works have
delved deeper into optimizing CNN architectures for blur
detection. Szandala (2020) presented CNNs as an alternative
to the traditional Laplacian method for detecting blur [10]. His
work suggested that CNN-based methods not only improved
accuracy but also reduced computational costs, making them
a viable solution for real-time applications.

The use of GANs (Generative Adversarial Networks) for
deblurring has also emerged as an effective approach.
Agrawal et al. (2022) introduced FDeblur-GAN, a method
combining GANs with deep learning to deblur fingerprint
images, further extending the use of machine learning to
biometrics and identity verification systems [11].

Challenges and Future Directions: Despite the success of
deep learning models in blur detection and deblurring,
challenges remain.

Despite these successes, challenges remain in generalizing
models across various types of blur and imaging conditions.
Hsu and Chen (2007) and Jayavel et al. (2023) emphasized the
ongoing need for robust algorithms capable of handling
diverse blur types efficiently and accurately [12]. Kohli et al.
(2021) explored machine learning for automated blur
detection, utilizing comprehensive datasets to identify subtle
differences between sharp and blurred images, underscoring
the importance of computational efficiency in practical
applications [13].

Purohit, Shah, and Rajagopalan (2018) implemented a
learning-based model that segments blurred regions within
images, enhancing the effectiveness of blur detection
algorithms, particularly in scenarios requiring precise
identification of blurred portions [14]. In contrast, Szandata
(2020) validated the superiority of CNNs over traditional
methods by demonstrating their ability to automatically detect
subtle blurs [15]. Da Rugna and Konik (2006) laid the
groundwork for identifying blur types using neural networks,
a principle that later studies would expand upon [16].

Recent studies demonstrate the evolving application of
machine learning (ML) in image processing, notably in
addressing motion blur. Garcia, Alvarez, and Marcia (2022)
concentrated on motion blur classification, utilizing a model
adept at recognizing various blur intensities, which is crucial
for applications like autonomous driving where accuracy is
paramount [17]. Their work emphasizes the need to
distinctively handle motion blur to enhance model
performance. Conversely, Gampala et al. (2020) explored
deep learning for image deblurring but later withdrew their
study, reflecting the ongoing challenges in stabilizing
algorithms for diverse conditions [18]. Meanwhile, Yu et al.
(2024) advanced this field by detecting line segments in
motion-blurred images using event-based vision, which
proved effective in real-time environments such as
surveillance systems [19]. Additionally, Kaushik et al. (2024)
applied ML to detect pneumonia in their study PneumoAl,
showcasing ML's broader applicability beyond motion blur to
complex medical imaging tasks, thus highlighting the
potential for ML to enhance image clarity across various
domains [20].

Pang et al. (2016) explored motion blur detection
specifically for surveillance machines, employing an indicator

function to measure the extent of motion blur [21]. Their study
provided a reliable approach to quantifying blur levels, which
can assist in determining when an image requires correction.
This method proved highly effective in distinguishing
between static and motion-blurred images, reinforcing its
utility for surveillance systems that must adapt to changing
visual conditions in real-time.

In addition to medical imaging, Kaushik et al. (2024) also
applied Al to dermatology in their research on skin cancer
classification, where machine learning achieved dermatologist
grade performance [22]. Their work highlighted the
adaptability of machine learning algorithms in analyzing
detailed image data, showing that such models can be trained
to recognize minute variations in texture and pattern is a useful
capability for image processing tasks focused on detecting and
correcting subtle blurs or distortions.

Amoriya et al. (2024) tackled a different problem by
applying machine learning to count objects within images,
emphasizing object recognition and counting accuracy [23].
Although not directly related to blur detection, their study
showcases how machine learning models can handle high-
precision tasks that involve image clarity and feature
detection, making it applicable to quality-sensitive fields like
manufacturing and inventory management, where blurs or
occlusions could impact object identification and counting
accuracy.

In the domain of insurance, Saraswat et al. (2023) focused
on insurance claim analysis using traditional machine learning
algorithms [24]. By analyzing historical claim data, they
aimed to enhance claim processing accuracy, leading to more
efficient operations in the insurance sector. Their study
showcased how machine learning can streamline claims
analysis, allowing insurers to detect patterns and predict
potential fraud. Al- though unrelated to image blurring, this
research demonstrates how machine learning’s pattern
recognition capabilities can improve operational efficiency
and decision-making in data- intensive sectors.

Jayavel et al. (2023) proposed a novel approach to improve
the classification of blurred images by integrating deep-
learning networks with the Lucy-Richardson-Rosen algorithm
[25]. This algorithm, originally used for image deconvolution,
enhanced the ability of deep-learning models to classify
images accurately despite blurriness. The study highlighted
the effectiveness of combining traditional image processing
algorithms with deep-learning frameworks, demonstrating a
significant reduction in classification errors for images
affected by blur. This approach is particularly valuable in
fields requiring precise image classification, such as medical
imaging or automated inspection systems.

Expanding beyond image processing, Prakash (2024)
explored blockchain technology in supply chain management,
focusing on its potential to enhance transparency and
efficiency [26]. This study highlighted how blockchain can
address issues in traceability and accountability within supply
chains, though not directly related to image analysis. The work
underscores the adaptability of machine learning and data-
driven solutions in improving organizational processes, as
well as enhancing transparency across complex systems, such
as supply chains, that demand precise tracking and data
integrity.

The evolution of blur detection has transitioned from
traditional methods reliant on edge and gradient analysis to
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sophisticated deep learning techniques. CNNs, DCNNs, and
GANs have demonstrated great potential in improving blur
detection and deblurring across various applications.
However, future research must continue to refine these
methods to address the remaining challenges in real-time
processing, generalization, and handling complex imaging
scenarios.

III.  PROBLEM STATEMENT

The increasing prevalence of digital imagery in various
applications, such as photography, medical imaging, and
surveillance, has accentuated the need for robust image quality
assessment techniques. One critical aspect of image quality is
the presence of blur, which can adversely impact the
interpretability and usability of images. The challenge lies in
developing an efficient and accurate method for the automated
detection of blur in images using machine learning techniques.
The objective of this project is to design and implement a
machine learning model capable of discerning whether an
image is blurred or not. The model should be trained on a
diverse dataset encompassing various degrees and types of
blur, ranging from motion blur to out-of-focus blur. The
primary focus is to achieve high accuracy, sensitivity, and
specificity in blur detection to ensure reliable performance
across different domains.

A. Key Challenges:

Diverse Blur Types: Images can exhibit different types of
blur, including motion blur, defocus blur, and lens blur. The
model must be robust enough to identify and differentiate
between these blur types.

Varying Degrees of Blur: Images may have varying
degrees of blur, ranging from subtle blurring to severe
distortion. The model should be capable of quantifying the
level of blur accurately.

Real-time Application: In certain applications, such as
camera systems or medical imaging, real-time blur detection
is crucial. The model should be optimized for efficiency to
ensure timely and responsive performance.

Noise and Artifacts: Images may contain noise or artifacts
that can affect the accuracy of blur detection. The model
should be designed to handle such disturbances and focus on
genuine blur characteristics.

Generalization Across Domains: The model should
generalize well across diverse domains and image types,
ensuring its applicability in real-world scenarios.

Limited Labeled Data: Acquiring a labeled dataset with a
sufficient number of images for training a robust model can be
challenging. Strategies for effective data augmentation and
transfer learning should be explored.

By addressing these challenges, the proposed machine
learning model aims to contribute to the development of
reliable and efficient blur detection systems with broad
applications in fields such as photography enhancement,
medical imaging diagnostics, and surveillance.

IV.  METHODOLOGY

A. Dataset Collection:

The first step in our methodology involved the acquisition
of a diverse dataset comprising both blurred and non-blurred
images. This dataset is crucial for training and evaluating the

machine learning model’s ability to discern between clear and
blurry images. We ensured a representative sample of images
with varying degrees and types of blurriness to enhance the
model’s robustness.

B. Data Preprocessing:

To prepare the dataset for training, we performed
necessary preprocessing steps. This included resizing images
to a uniform resolution, converting them to grayscale, and
normalizing pixel values to ensure consistency across the
dataset. Additionally, labels were assigned to each image to
indicate whether it was blurred or not, forming the ground
truth for the supervised learning process.

C. Flow chart:

A flowchart is a picture of the separate steps of a process
in sequential order. It is a generic tool that can be adapted for
a wide variety of purposes, and can be used to describe various
processes, such as a manufacturing process, an administrative
or service process, or a project plan.

[ image as a input ]

No

[ Sharpened ]
[ Print

Fig. 1. Flow chart

)

D. Feature Extraction:

The choice of relevant features plays a pivotal role in the
success of a machine learning model. In our methodology, we
adopted a feature extraction approach using a combination of
traditional image processing techniques and filters provided
by the OpenCV library. The features extracted from the
images were utilized as input for the subsequent machine
learning model. Some of the key filters employed include:

Averaging filter: In the picture below, we can see that the
input image on the left is processed with the averaging filter
(box filter). Here, all the coefficient values have the same
value of 1/9. After we have applied convolution operator, we
have generated our output image on the right. It is good to
know that as a filter size increases our image will become
more blurred.

H(u,v) =

F(x,y) = G (xy)

Fig. 2. Averaging filter
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To perform averaging in OpenCV we use both cv2.blur()
functions. There are only two arguments required: an image
that we want to blur and the size of the filter. We have chosen
three different sizes for the filter to demonstrate that the output
image will become more blurred as the filter size increases.

Gaussian Blur: Gaussian blur is a widely used filter for
smoothing images. By convolving the image with a Gaussian
kernel, we aimed to attenuate high-frequency noise and
emphasize larger, smoother structures. The degree of
blurriness can be inferred from the standard deviation of the
Gaussian kernel.

%5 -4 3 - -1 1 1 1 3 4 §

Fig. 3. 2D Gaussian distribution

In the image below we can see a 2D Gaussian distribution.
Now, when you look at it in 3D, it becomes more obvious how
the coefficient values are generated.

Fig. 4. 3D Gaussian distribution

Now, when we know what is a Gaussian distribution we
can focus on our code. Here, we will use a function
cv2.GaussianBlur(). Similarly to a averaging filter, we
provide a tuple that represents our filter size. This is how our
3 x 3 filter looks like:

Gaussian filter

1121
=+ [2]a]2
1(2(1
H(u,v)

Fig. 5. Gaussian Filter

1) Median Blur: Median blur is effective in removing salt-
and-pepper noise from images. By replacing each pixel’s
value with the median value of its neighboring pixels, this
filter helps in preserving edges while reducing the impact of

outliers. The level of blur introduced by median filtering can
be indicative of overall image clarity.

2) 2D Filter: Applying a 2D filter involves convolving the
image with a custom-defined kernel. We experimented with
different filter kernels to capture specific characteristics
associated with blur. This allowed us to explore and identify
patterns that signify varying degrees of blurriness.

3) Box Filter: The box filter, or averaging filter, involves
replacing each pixel’s value with the average of its
neighboring pixels. This filter is effective in reducing high-
frequency components in the image. By experimenting with
different kernel sizes, we aimed to analyse the impact of
different levels of smoothing on the image features.

4) Evaluation: To assess the model’s performance, we
used a separate set of images not seen during training. Met-
rics such as accuracy, precision, recall, and F1 score were
calculated to quantify the model’s ability to correctly classify
images as blurred or clear. This rigorous evaluation process
ensured the reliability and generalizability of our machine
learning- based blur detection system.

For the blurry images to sharpened images we use this
formula: “Sharpened image = Original image — Edge detected
image” if the central pixel of Laplacian filter is a negative
value.

By combining traditional image processing techniques
with machine learning, our methodology aims to provide a
robust and accurate solution for the detection of blur in
images, with potential applications in various domains such as
photography, medical imaging, and video analysis.

V. RESULT AND DISCUSSION

Our model demonstrated robust blur detection capabilities,
accurately classifying images as either clear or blurred. The
evaluation metrics, including accuracy, precision, recall, and

F1 score, consistently reflected high performance across
different subsets of the dataset. This suggests that the selected
features effectively capture the nuanced differences between
clear and blurred images.

In addition to blur detection, we explored the model’s
potential for image enhancement. For images identified as
blurry, a post-processing step was implemented to reduce the
blur effect. By leveraging the identified features, the model
generated a deblurred version of the image, aiming to restore
details and improve overall image quality.

In our model we use different type of filter algorithm for
detecting the blurry image. First, we check the laplacian value
for the clear image and it is 761.26. Then we check laplacian
value for different algorithm like 2d filter, box filter, median
blur, gaussian blur and bilateral filter.

If the laplacian value is less than 200, it shows that it’s a
blurry image. On the other hand, if the laplacian value is
greater than 200, it shows that it’s a clear image.

Here is the list of the laplacian value of using filter
algorithm: Image Before and After Deblurring
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Fig. 6. Blur Image

Fig. 7. Sharpened Image

VI. DISCUSSION:

e Feature Contribution: The analysis of feature
importance revealed that certain features, such as high-
gradient magnitudes, specific edge orientations, and
texture patterns, played a pivotal role in the model’s
decision- making process. Understanding the
significance of these features enhances our
interpretability and provides insights into the visual
cues crucial for blur detection.

e Model Generalization: Our model demonstrated
strong generalization capabilities, performing well on
images with varying blur intensities and types. This
suggests that the combination of traditional image
processing techniques and machine learning enables
the model to capture diverse characteristics associated
with blur, contributing to its adaptability in real-world
scenarios.

e Limitations: While our methodology has shown
promising results, there are inherent challenges, such
as the sensitivity to specific blur types and the need for
a well- diversified dataset. Future work may focus on
refining the model’s ability to handle complex blur
scenarios and in- corporating additional advanced
techniques for improved performance.

VII. CONCLUSION

In this research endeavour, we developed a comprehensive
methodology for the detection and mitigation of image blur
using a combination of traditional image processing
techniques and advanced machine learning models. The
results obtained from our experiments are promising,
showcasing the efficacy of the proposed approach in
accurately identifying and rectifying blurry images. The
following key conclusions can be drawn:

A. Robust Blur Detection:

Our model demonstrated robust blur detection capabilities,
achieving high accuracy, precision, recall, and F1 score
metrics. The incorporation of diverse feature extraction

techniques, including filters, operators, and descriptors,
allowed the model to capture nuanced differences between
clear and blurred images. This proficiency holds great
potential for applications in quality assessment and
improvement in various domains.

B. Image Enhancement:

Beyond blur detection, our methodology exhibited
promise in the realm of image enhancement. The model
successfully produced deblurred versions of images,
showcasing its potential for restoring details and improving
overall image quality. This dual functionality enhances the
versatility of our approach and opens avenues for practical
implementation in scenarios where image clarity is
paramount.

Our current research in blur detection and correction has
provided promising results, yet there is substantial room for
advancement. Future efforts should aim to enhance the
model's handling of complex blur scenarios such as motion
blur and out-of-focus disturbances. This would involve the
adoption of more sophisticated blur detection methods to
increase the robustness and versatility of our model.
Additionally, exploring deeper integration of advanced deep
learning architectures like deep neural networks and
convolutional neural networks could improve the model's
capability to discern hierarchical features and complex
patterns across varied datasets.

Furthermore, enhancing the model for real-time
applications is crucial. Optimizing computational efficiency
through lightweight architectures, parallel processing, and
hardware acceleration will allow deployment in practical
scenarios. Integrating user feedback directly into the training
process could also refine the model's outputs to align more
closely with human perception, making it more user-centric.

Lastly, broadening the model's applications to fields such
as medical imaging, satellite imagery, and surveillance could
provide valuable insights and enhance its practical utility.
These future directions promise to further the development of
our methodology, contributing significantly to advancements
in image quality assessment and enhancement across various
industries.
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