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Abstract—Image quality is critical in domains such as computer
vision, image processing, and pattern recognition. One of the
areas of image processing where image quality is critical is
image restoration. In the field of medical imaging, blur detection
is used in the pre-processing stage of medical image restoration.
It was noted that blurring has the potential to obscure small
cancers and microcalcifications. As a result, some abnormalities
were undiscovered until they have grown significantly. The
quality of an image can be determined whether it is blurry using
various blur detection algorithms. This paper presents a
comparative study of various pre-trained convolutional neural
networks (CNNs) models as feature extraction for blur
detection. The CNNs models are ResNetl18, ResNet50, AlexNet,
VGG16 and InceptionV3. These CNNs were then connected to a
classifier known as support vector machine (SVM) to classify
DBT images into blurry or not blurry. To evaluate the
performance of the pre-trained CNN as features extractor,
statistical performance measures namely the accuracy, receiver-
operating characteristics (ROC), area under the curve (AUC),
and execution time were employed. According to the evaluation
results, InceptionV3 has the best accuracy rate at 0.9961 with
AUC of 0.9961. Most of the output of Pre-trained CNN with
SVM lies closest to the ideal ROC curve near the top left
corner. AlexNet has the shortest processing time of any of the
CNNs model. The findings of this study might be used as
reference before performing image restoration.
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I. INTRODUCTION

UTOMATIC quality analysis of medical images has

emerged as a significant area of research. However,
automatic blur detection in DBT images has received
insufficient research. Breast tomosynthesis is a technique that
extends digital mammography by acquiring a sequence of
projection images at various angles of the x-ray source
concerning the breast. To provide a three-dimensional picture
of the breast while maintaining as much full-field digital
mammography (FFDM) acquisition geometry as possible, the
DBT technique was created [1]-[3]. The DBT is a cone-beam,
restricted-angle (15-60°) tomographic approach that allows
for the reconstruction of the entire breast volume from a series
of projection-view mammograms. Reconstruction artefacts
are likely to occur due to the lower acquisition angle. Several
research have been conducted on both human subjects and
phantoms to evaluate and enhance the DBT image quality [4]—-
[6]. In addition, acquisition time could contribute to motion
artefact and consequently less distinct depiction of
calcification. As the acquisition time of tomosynthesis is
longer, there may be motion artefacts that could result in
obscuring small calcifications [7].

Blurring is a known DBT phenomenon that arises during
image acquisition. It has been reported to reduce lesion
detection performance and mask small microcalcifications,
leading to failure in detecting smaller abnormalities at early
stage until they reach more advanced stages, particularly in
dense breast tissue [8]. Early detection of breast cancer is the
key to provide higher survival rates for breast cancer patients.
Therefore, the accuracy of proper diagnosis relies on sufficient
radiologic image quality in order to obtain high-quality,
artefact-free, and blur-free images [9]. One of the most
difficult aspects of working with digital images captured in
uncontrolled environments is determining whether or not the
image is of sufficient quality to be further studied. In this case,
blur is one of the most common causes of digital image quality
reduction, particularly in images obtained with limited angular
range and movable device like DBT. The limited angular
sampling in DBT results in out-of-plane artefacts in the z-
direction. The out-of-plane artefacts appear as a blurred
version of in-plane objects in the direction of tube motion [10].
Due to this blurry artefacts issue, developing methods for
analysing the blur distortion of DBT acquired images for
diagnostic purposes is crucial.

There are two types of image quality assessment (IQA)
measures: subjective and objective [11], [12]. Human
observers are used in the first group of methods to assess
image quality, whereas the latter determines an objective
quality score. Subjective approaches, by their very nature, can
become arduous, time-consuming, and costly; as a result,
preference is given in searching for solutions, while the
objective approaches are normally conducted without the
intervention of humans as the objective systems capable of
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Fig. 1. Block diagram to relate blur detection, blur classification, and

image restoration [14]

quickly analysing images and reporting their quality.
Additionally, when doing visual quality assurance (QA),
technologists usually examine images on low-resolution
monitors like those typically used by remote operations panels
(ROPs) in the exam room or other convenient areas. These
monitors yield a low-resolution display for comparing blur in
radiographs to the diagnostic-quality displays used by
radiologists. As a result, minor to moderate blur may go
unnoticed during the visual quality assurance process,
resulting in images with little diagnostic value in their image
archiving and communication systems (PACS) that influence
image diagnosis [13].

Image quality is critical in computer vision, image
processing, and other related domains. Image restoration is a
subcategory of image processing in which the quality of the
input image is critical. Blur detection is a stage in the image
restoration process known as pre-processing. By utilising
various blur detection algorithms, the quality of an image may
be determined whether it is blurry or not. Then, image
restoration can be applied to the blurry image.

The study of [14] categorises the public domain research
on blur images into three primary phases as shown in Fig. 1.
However, this paper concentrates only on the stage of image
blur detection that considers the blur or sharp estimation. The
long-term goal of the research is to keep a comparable number
of extracted feature points while using a sharp image and to
increase the number of correctly matched feature points when
using an input blur image. Blur detection techniques are
advantageous for image blur detection since they are utilised
as a preliminary step in identifying images that require image
restoration or deblurring.

II. BLUR DETECTION METHODS

Blur detection is a vital and intriguing subject in computer
vision. A critical aspect of blur detection is the process of
identifying effective features to distinguish between distorted
and undistorted image parts. Numerous techniques exist for
resolving this issue, most of them utilise the two-step
procedure to discern between clear and blurred regions. The
first phase entails manually creating separated components in
an image based on a set of empirical data in gradient format.
After that, a binary classifier is used to differentiate the
warped and clear regions. The Laplacian variance and CNN
are two essential approaches for detecting blurred images, and
they are the subject of this review.

A. Laplacian Variance

This method is implemented to discover edges in a picture.
It is additionally a derivative operator but the basic contrast
between different operators like Sobel, Kirsch and Laplacian
operator is that all other derivatives are first-order derivative
masks. The Laplacian operator is further separated into two
classifications which are the positive Laplacian operator and
negative Laplacian operator [15].

Laplacian attempts to de-emphasize portions in an image
by gradually varying grey levels and emphasising grey level

40

JOURNAL OF ELECTRICAL AND ELECTRONIC SYSTEMS RESEARCH, VOL.21 OCT 2022

discontinuities [16]. This derivative operator produces images
with grey edge lines and some discontinuities on a black
background. Thus, an image's exterior and interior edges are
created [17]. There are numerous methods for determining the
blurriness of an image, but the best and simplest is to use the
variance of the Laplacian technique, which returns a single
floating-point value representing the image's "blurriness"[17].
This approach does nothing more than convolving input
image with the Laplacian operator and computing the
variance. If the variance is less than a predetermined value, the
image is considered blurry. A high variance as stated in [18]
is a normal representative in-focus image indicating the
presence of a large number of responses for both non-edge like
and edge like. Similarly, a low detected variance indicates that
there is little response dispersion, implying that the image has
few edges. Thus, it can be concluded that if an image has a
small number of edges, it is blur.

Therefore, choosing an appropriate threshold value is
entirely dependent on the domain. If the threshold is set
incorrectly, images will be labelled as blurry. For example, if
an image is not blurry and the threshold is set incorrectly, the
image will be recorded as blurry and vice versa. In this paper
Laplacian operator is used to assess the degree of blurriness so
that it can construct a class for blur or not-blur in the blur
detection process. There is currently no radiologist-developed
standard for determining the degree of blur.

B. Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) are a subset of
deep learning techniques that have garnered considerable
attention for their capacity to solve picture classification
issues and as a tool for extracting representation features from
input images [19]. In certain cases, they have been used as
components of systems that do more complex tasks. Girshick
et al. (2013) [20] employed CNNs as feature extractors in
object recognition and localization system. The study that
utilised CNN in the field of medical imaging is extensively
used today to continuously improve the workload of
healthcare providers and integrate the use of the CAD system
in clinical settings just as it is with natural image processing.

In the last five years, deep learning-based models have
outperformed classical methods in a wide variety of computer
vision tasks, including generic object detection and
recognition[21],  semantic  segmentation[22],  depth
reconstruction[23], saliency detection[24], image captioning,
denoising, super-resolution, and deconvolution[25]-[27], and
facial expression recognition[28], [29]. It is widely known that
the success of deep CNN models largely depends on their
extraordinary capacity to generalise and extract useful features
directly from input images for difficult classification problems
[30].

In conjunction with the availability of big data storage and
increased processing capabilities over the years, researchers
have successfully developed pre-trained networks with a
variety of layers and depths that have been trained on massive
datasets such as ImageNet for public usage. [31]. When
trained on large datasets of a variety of images, CNN is
considered a powerful deep learning approach; it can learn
rich feature representations for a wide range of images from
these vast databases. These representations of features
frequently outperform handcrafted features. Utilizing a
pretrained CNN as a feature extractor is a simple approach to
exploit the capability of CNNs without investing time and
effort in training. Instead of using image features such as HOG
or SURF, features are extracted using CNN. As blur
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represents a deterioration of image quality, blur detection is
distinct from most recognition issues, which allow for
multiple degradation factors such as noise or blur. However,
to detect blur, we must learn blur-related features while
accepting the enormous variance introduced by varied image
content.

Therefore, this paper examines various pretrained CNN as
feature extractor on DBT images and use those features to
train an image classifier for blur detection and compares their
performance in terms of accuracy rate and execution time. The
proposed method will be discussed in detail in the following
section.

III. METHODS

This section describes the method to perform a
comparative analysis of image blur detection using various
pre-trained CNNs. Fig. 3 depicts a flowchart of the
experimental procedure. This study was programmed and
tested in MATLAB R2021a, using a notebook with AMD
Ryzen 5 3500U CPU @ 2.10GHz processor and 8.0 GB RAM
with the Windows 10, 64bit operating system.

A. Dataset

This study intends to assess the capability of deep learning
approach to detect blur of 200 DBT images. To the best of our
knowledge, there is no publicly available image quality
dataset that includes DBT images in their search to deblur the
quality of the images. In this study, the public DBT images
dataset from [32] is used. The dataset consist of DBT RGB
images with 1890x2457 pixels in size. The input image for
network training is augmented to fit the network input size.
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Fig. 3. Summarized flowchart of the experimental procedure

The Laplacian method is used to choose the image based
on the variance value and threshold setting to construct a class
for blur and not blurry images for the network datastore as in
Fig. 2 illustrates the sample of images from blurry and not

(b) Not Blurry

(a) Blurry

Fig. 2. DBT image example for each class in dataset (a) blurry and (b) not
blurry

blurry DBT image classes. An expert's knowledge was used
to set the ground truth dataset where the experts are required
to select the appropriate threshold. Based on the dataset, 70%
of the images in each class were utilised as the training dataset,
with the remainder 30% serving as the validation collection.
In this code, the 'MiniBatchSize' is set at 32 for each
experimental training to ensure that the CNN and image data
fit into the CPU memory.

B. CNN Pre-trained Networks and feature extraction

In this study, AlexNet (8 layers), ResNet18(18 layers) and
ResNet50 (50 layers), VGG16 (16 layers) and InceptionV3
(48 layers) are chosen as feature extractor. Alexnet (8 layers)
architecture was proposed by Krizhevsky et al. in 2012 [31],
where 227 x 227 pixels on RGB channels input images were
needed for this model. It consists of eight layers; the first five
layers are made of convolutional and maxpooling layers,
while the last three are fully connected layers stacked on each
other. It was trained using an extensive visual database known
ImageNet using more than 14 million natural images,
classified into 1000 image classes[31].

After the success of AlexNet, many other deeper
architectures have been proposed such as ResNet. ResNet
architecture demonstrated to be very effective on the ILSVRC
2015 (ImageNet Large Scale Visual Recognition Challenge)
validation set with a top1-recognition accuracy of about 80%
[33]. ResNet-18 with 18 layers deep and ResNet-50 with 50
layers deep architecture had an image input size of 224-by-
224, which is about 10 times and 20 times deeper than
AlexNet, respectively. On the other hand, VGGNet-16[34] is
made up of 16 convolutional layers and is particularly
appealing due to its uniform architecture. Like AlexNet, it
contains only 3x3 convolutions but large number of filters. It
is now the community's most favoured method for extracting
features from images [35]. Finally, Inception v3 is a popular
image recognition model that has been demonstrated to
achieve higher than 78.1 percent accuracy on the ImageNet
dataset. The model represents the result of several ideas
explored over time by various researchers [36].

The models used in this paper are widely different. The
VGGI16-model can be considered as the traditional and
parameter greedy model. InceptionV3-model is the widest
model, while ResNet50-model is the deepest model. AlexNet-



model is the smallest model. A summary of all the information
is tabulated in Table I. ResNet50 and InceptionV3 have the
largest number of layers and biggest depth among the others.
As the layer and the depth of the network increase, the training
becomes slow, and the network architecture becomes large.

TABLE L.
PRETRAINED CNNS MODEL ARCHITECTURE
AlexNet | ResNet ResNet VGG16 | Inceptio
18 50 nv3
Image Input Size 227x227 | 224x224 | 224x224 | 224x224 | 299x299
x3 x3 x3 x3 x3
Total Layers 25 71 177 41 315
Depth 8 18 50 16 48
Size 227MB 44MB 96MB 515MB 89MB
Parameters (M) 61.0 11.7 25.6 138 239

However, compared to VGG, the model size is smaller due to
the use of global average pooling instead of fully connected
layer in VGG. The larger number of parameters in VGG
results in higher inference time.

Each layer of a CNN responds or activates to an input
image. However, only a few layers of a CNN are sufficient for
image feature extraction. The first layer of the network
captures fundamental visual properties like edges and
blobs. Deeper network layers then process these basic data,
combining them to generate higher-level image features.
These higher-level features are more suited for recognition
tasks because they incorporate all the primitive features into a
richer image representation [33].

In this experiment the weights initialization of the first
convolution layer are shown in Fig. 4. The first layer of the
network has learned filters for capturing blob and edge
features. Then the image features are extracted from deeper
layers using activation methods at the layer just before the
fully connected networks. For the classifier, SVM is used to
classify blurry or not blurry DBT images. In the testing stage,
the test features extracted by the CNN, are then passed to the
SVM classifier.

C. Blur Detection Using Support Vector Machine

A sophisticated classification algorithm, developed by
Vapnik [37] is the support vector machine (SVM). It is based
on the structural risk minimization principle, which seeks to
minimise the bound on the generalisation error (i.e., the error
generated by the learning machine on data not observed during
training) rather than the mean square error over the training
data set. As a result, when applied to data outside of the
training set, an SVM tends to perform well.

A classifier that has been trained to recognise blur in
radiographs is used to detect blur in images. Feature vectors
produced from images in CNN activation layers are included
in the training data. The classifier assesses the attributes of a
test image and outputs a probability indicating the presence of
blur in the image. The procedure is repeated to extract image
features from testing dataset. The features obtained during the
testing are then passed to the classifier to measure the accuracy
of the trained classifier. The obtainable results are used for
comparisons in terms of execution time, accuracy, ROC and
AUC. The true positive (TP), true negative (TN), false
positive (FP) and false negative (FN) values from obtainable
confusion matrix are used to calculate the system performance
accuracy as denoted Table II. By plotting TPR against FPR
rates, ROC probability curve and AUC are evaluated.

42

JOURNAL OF ELECTRICAL AND ELECTRONIC SYSTEMS RESEARCH, VOL.21 OCT 2022

TABLEIL
METRICS FOR SYSTEM PERFORMANCE EVALUATION

Measure Performance Equation
TPR TP/TP+FN)
FPR FP/(TN+FP)
Accuracy (TP+TN)/(TP+FN+TN+FP)

ResNet18

AlexNet

InceptionV3

Fig. 4. First convolution layer weights for each of Pre-trained CNN of the
executed experiment.

IV. RESULT AND DISCUSSIONS

The performance of the trained system is observed
when different pretrained CNN as features extractor is
applied on the same dataset. Meanwhile, the effect of CNN
architecture is investigated and finally the performance of the
trained classifier is evaluated. In this study, the performance
was evaluated based on its ability to classify blurry or not
blurry DBT images. Table III compares the results obtained
from the experimental analyses of the blurry detection
system.

To evaluate the performance of the algorithm, the
ROC curve is used which provides a graphical representation
of the trade-off between the false-negative and false-positive
rates for every possible cut off. The obtained ROC curves are
presented in Fig. 5 to compare the performance of three
widely used pretrained CNN. Meanwhile, the measurement
of each performance parameter is tabulated in Table III. It
shows that the classifier using SVM with pre-trained CNN
lies closest to the ideal ROC curve near the top left corner
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with an AUC value greater than 95% for each of the CNNs.
It is noticed that InceptionV3 and ResNet-50 outperform
other architectures with largest AUC 0.9961 and 0.9947 as
shown in Fig. 6, though the difference is not significant and
can be attributed to randomness in the training process.

TABLE III
RESULT FROM THE EXPERIMENTAL ANALYSIS OF BLURRY DETECTION USING
DIFFERENT PRE-TRAINED CNNS AND SVM.

Pre-Trained CNN +SVM

ResNet-18 |[ResNet-50( AlexNet | VGG16 | InceptionV3

(18 layers) [(50 layers)| (8 layers) | (16layer) | (48 layers)
AUC 0.9858 0.9947 0.9839 0.9768 0.9961
Accuracy 0.9583 0.9750 0.9580 0.9420 0.9670
Execution | Imin 35sec 3min 0 min 7min 4min 25sec
Time 12sec 40sec 51sec

ROC

True Positive

0.1 03 05 0.7 09

False Positive

——RESNET18 ALEXNET

InceptionV3 RESNET50 VGG16

Fig. 5. ROC performance of pre-trained CNNs with SVM classifier

AUC

RESNET18 RESNET50 ALEXNET (8 VGGI16 (16
(18 layers) (50 layers) layers) layers)

0.995
0.99
0.985
0.98
0.975
0.97

0.965
InceptionV3
(48 layers)

Fig. 6. AUC for different pre-trained CNNs

Fig. 7 Sample ambiguous DBT image considered as blurry by the
expert and not blurry by the system.

The misclasify case analysis reveals that the diversity
in normal DBT structures is significant when compared to the
differences in lack of sharpness that would differentiate a
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diagnostically acceptable image from one that should be
rejected. Another reason for failure is improper feature
representation of the blur region, which occurs most
frequently in a local region. As a result, the motion blur can
no longer be detected. Fig 7. shows an ambiguous image
sample considered as blurry by the expert and not blurry by
the system.

V. CONCLUSIONS

In this investigation, the aim was to assess the performance
of deep learning approach towards blur detection of DBT
images. The application of the pre-trained CNN features with
classifier SVM to the blur classification of DBT images has
shown good results. InceptionV3 shows the best result in term
of accuracy at 97% and largest AUC at 0.9961. In terms of
execution time, AlexNet has the fastest processing time. As
the next stage of this project, we plan to conduct a comparative
analysis of the different image restoration or deblurring
techniques that can be used to achieve our long-term goal.
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