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Abstract: The majority of applications use automatic image recognition technologies to carry out a
range of tasks. Therefore, it is crucial to identify and classify image distortions to improve image
quality. Despite efforts in this area, there are still many challenges in accurately and reliably classifying
distorted images. In this paper, we offer a comprehensive analysis of models of both non-lightweight
and lightweight deep convolutional neural networks (CNNs) for the classification of distorted
images. Subsequently, an effective method is proposed to enhance the overall performance of
distortion image classification. This method involves selecting features from the pretrained models’
capabilities and using a strong classifier. The experiments utilized the kadid10k dataset to assess
the effectiveness of the results. The K-nearest neighbor (KNN) classifier showed better performance
than the naive classifier in terms of accuracy, precision, error rate, recall and F1 score. Additionally,
SqueezeNet outperformed other deep CNN models, both lightweight and non-lightweight, across
every evaluation metric. The experimental results demonstrate that combining SqueezeNet with
KNN can effectively and accurately classify distorted images into the correct categories. The proposed
SqueezeNet-KNN method achieved an accuracy rate of 89%. As detailed in the results section, the
proposed method outperforms state-of-the-art methods in accuracy, precision, error, recall, and F1
score measures.

Keywords: distortion image classification; non-lightweight; lightweight; convolutional neural
network (CNN) models; SqueezeNet; MobileNet-v2; DenseNet201; K-nearest neighbor (KNN)
classifier

1. Introduction

The advancement of information technology and the advent of the Internet of Things
(IOT) have led to a rise in the need for image processing and a growing quantity of hardware
with cameras for use in everyday activities, company operations, and industry. Numerous
apps and programs exchange and use a huge number of images every day. There are many
ways in which these images can be distorted. For instance, (1) poor light causing noise,
(2) the movement of the camera, and (3) surveillance images taken through inclement
weather or a low-quality devices [1]. The well-known kinds of distortion include ‘Blur’,
‘Noise’, ‘Sharpness’, ‘Contrast Change’, and ‘Compression’ [2], as shown in Figure 1.

Generally, image classification employs a classifier to determine the group of objects
after manually obtaining features or using feature learning techniques to define the entire
image. Therefore, knowing how to extract the image’s features is crucial [3]. As shown by
the taxonomy in Figure 2, distorted image classification methods may generally be divided
into three categories: traditional, deep, and hybrid.

The performance of most image detection/classification methods is impacted by these
types of distortion. This has motivated researchers to develop systems that can automati-
cally detect and classify distortions by type, making it easier to address and improve these
distortions. This will ultimately increase the performance of these approaches.
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Figure 1. Common Distortion Types. (a) Original Image; (b) Blur; (c) Noise; (d) Sharpness; (e) Contrast
Change; (f) Compression.
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Figure 2. The Taxonomy of Distortion Image Classification Techniques.

To address challenging feature engineering problems and the often time-consuming
need for domain knowledge, deep learning techniques have been applied to image detec-
tion/classification. Deep learning algorithms offer accurate understandings and predictions
by identifying complex patterns in text, audio, image, and other types of data. Convolu-
tional neural networks (CNNs) are a popular deep learning technique that works effectively
well for image classification tasks [4].

Most conventional image classification techniques based on CNN follow an end-to-
end learning procedure. In this approach, the network handles training and prediction
using only the original image as input, producing the final output directly from this input.

However, CNNs remain susceptible to distorted images. Even a small amount of noise
or blur can significantly affect their performance in various computer vision tasks such
as object detection, image registration and segmentation. Most research in the literature
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addresses this issue by fine-tuning pretrained CNNs using a combined or mutually distinct
set of distorted training data [5]. Since lightweight CNN models provide real-time process-
ing with minimum computational resources and strike a balance between effectiveness and
precision, they are crucial for classifying image distortion.

Previous methods rely on some features from a pretrained model. These methods
often suffer from the following issues: (1) difficulty in discovering and extracting more
significant and effective features; (2) limiting training data; (3) poor classification accuracy
due to the use of laborious and imprecise features for image identification; (4) a large
feature vector dimension that leads to substantial computational load.

Creating an efficient image detection model that addresses the previously listed prob-
lems is the most challenging task. Therefore, the goal of this research is to analyze and
evaluate the role of lightweight and non-lightweight deep CNN models in classifying
different types of image distortions and determining which model is more effective. Sub-
sequently, the proposed method was introduced, which relies on selected features from
pretrained models and classifiers. The primary objectives of the proposed method are to
increase the accuracy of classifying distorted images, reduce the likelihood of incorrect
classifications, and collect relevant data.

Numerous efforts have been made to address the primary research issue and improve
detection accuracy, and can be summarized as follows:

1.  Ananalysis is conducted on how image distortion affects both lightweight and non-
lightweight deep CNN models.

2. Experimental findings indicate that the proposed approach exhibits resilience against
different kinds of image distortion. The performance under 25 types of distortion
across five levels of severity are examined.

3.  Several important features are extracted from the last fully connected layers of
lightweight and non-lightweight deep CNN models such as SqueezeNet, DenseNet201,
and MobileNetv2 models.

4. The training process is simplified by leveraging models such as MobileNet-v2,
SqueezeNet, and DenseNet201, which are initially trained as feature extractors, fol-
lowed by using PCA to produce smaller feature sets.

5. Utilizing the KADID-10k dataset, the proposed distortion image classification method
combining SqueezeNet and KNN achieved the best performance across all evaluation
metrics.

6. The proposed distortion image classification technique is based on a lightweight
structure that needs minimal time and effort.

The remaining components of the paper are organized as follows: A review of the
related works is discussed in Section 2. Section 3 describes the characteristics of the
pretrained CNN models. Section 4 provides a description of the proposed approach.
Section 5 presents the experimental results, their interpretation and their significance. The
paper concludes in Section 6.

2. Related Works

The majority of applications regard distortion classification to be a difficult issue.
There are not many works that expressly cover it. Numerous classification approaches have
been presented in the literature for each of these techniques; all of them are based on both
hand-crafted and generic features. Using hand-crafted features includes the drawback of
being non-generic and specific to the application.

However, convolutional neural networks (CNNs) enable the solution of this problem
by creating an automated feature learning technique that is applicable to a wide range
of distortions. Moreover, they have the capacity to pick up additional informative and
discriminative features. Therefore, deep features are now a serious contender to replace
hand-crafted ones.
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This method does not rely on the manual extraction of certain image features. Con-
sequently, this is CNNs’ primary advantage for image classification. There are not many
methods in the literature that address the impact of image distortion issues, despite the fact
that deep networks are susceptible to distortion or quality degradation [5,6].

Zhou et al. [7] proposed a distortion detection method based on a DNN classifier across
various distortions. It demonstrated the fine-tuning and retraining methods for minimizing
the impact of image distortions. However, with different kinds of distortions, a single
fine-tuning network might not function adequately. Yu Li and Lizhuang Liu [8] proposed a
distortion detection method based on a pre-trained convolutional neural network (CNN). In
the classification stage, the support vector machine (SVM) model is applied. The proposed
approach can correctly detect distorted images, according to the results of experiments
conducted on real images. Dodge and Karam [9] presented an image identification based
on deep network. The experimental findings demonstrate that visual distortions can
have a substantial impact on the accuracy of deep networks. The VGG-16 design has
been demonstrated to be more resilient than the other networks. He et al. [10] proposed
a distortion detection method based on different deep convolutional neural networks
(CNNSs). In the classification stage, the SoftMax model is applied. It is clear, therefore,
that the SoftMax model performs poorly in classifying the distortions. Zhou et al. [7]
proposed the systematic investigation of the impact of image distortions on the deep
neural network (DNN) image classifiers. In the classification stage, the DNN model is
applied. Basu et al. [11] proposed a distortion detection method based on DNN, which
relies on modified deep belief nets. They presented positive findings on the noisy n-MNIST
dataset. Minho et al. [12] proposed a method based on a selective deep convolutional
neural network (DCNN) to detect various kinds and intensities of distortions. The results
of the studies with increased kinds and intensities of image distortion demonstrate the
strong scalability of selective DCNN. Saurabh et al. [13] proposed automatic detection
and classification of blurred images based on convolution neural networks (CNNs). A
dataset of 20,000 digital photos sourced from various sources and tagged with two different
categories was used to train the proposed CNN model. Rui Wang et al. [14] proposed an
ensemble CNN that included the Simplified Alex net with the Simple Google net to classify
four types of blurry photos. When compared to Alex net and Google net independently, the
experimental findings demonstrated that the ensemble classifier completed the classification
task significantly faster. Wang et al. [15] proposed using ensemble support vector machine
structures to classify three types of blurry photos. The BHBID Database was used to conduct
the experiment. In the classification stage, the SVM classifier model was applied. Hossain
et al. [16] proposed a distortion detection method based on DCT and CNN (DCT-Net). A
deep network module based on the discrete cosine transform was constructed on top of
VGG16. The experimental results demonstrate that DCT-Net performs better than other,
similar networks in previous research and, once trained, generalizes effectively to a wide
range of undetected distortions.

The majority of earlier techniques have the following problems. The impact of the
distorted dataset size: Overfitting could occur by training the model on a small distorted
dataset when the model is extremely deep; the majority of datasets, in general, only include
homogenous distortion patterns, which facilitate easy prediction. The reality that images
might have a variety of different kinds of distortion makes distortion detection challenging.
Extraction of robust and efficient features, heavy weight, poor classification percentage due
to the use of laborious and imprecise features to identify images, and a large feature vector
dimension lead to a substantial computational load. Therefore, by improving the accuracy
of identifying distorted images, decreasing the possibility of inaccurate classifications, and
gathering appropriate information, the proposed approach aims to address the majority of
the aforementioned limitations.
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3. Preliminaries: Classic CNN Models

Because the training procedure is time-consuming, pretrained CNN models have
been employed as feature extractors to reduce the costs associated with training. Various
pretrained CNN models have been developed, and these already-trained models have
been used for several different multi-class classification problems [17]. Lightweight deep
learning (DL) refers to the processes of condensing deep CNN models into smaller versions
that can run on edge devices despite their constrained computing power and availability
of resources while preserving the same performance as the original model [18]. In the
subsections that follow, we will give a brief overview of the pretrained models used in this
research. The key features across multiple pretrained networks are listed in Table 1.

Table 1. The most common pretrained CNN model properties.

Model Mobile Net v2 DenseNet201 SqueezeNet
Year 2018 2016 2016
Image Dimensions 224 x 224 x 3 224 x 224 x 3 227 x 227
Number of Layers 53 201 18
Number of Parameters 3.5 million 20 million 1.24 million
Feature Dimension 1344 1000 1000
Design lightweight non-lightweight lightweight

3.1. Lightweight Deep CNN Models

Most applications employ complex and deep networks to enhance accuracy, but they
overlook two critical factors: speed and size. In this section, we will provide more compact
and effective models designed to perform the recognition tasks quickly on platforms with
limited processing power.

3.1.1. SqueezeNet

Lower parameter computationally neural networks and a miniaturized network model
structure called SqueezeNet were suggested by F. N. Iandola et al. in 2016 [19]. SqueezeNet
consists of 15 layers, which are split into five different levels: two layers for convolution,
three layers for pooling, eight layers for fire, one global average layer for pooling, and one
output layer for SoftMax. SqueezeNet benefits are demonstrated by comparison with the
AlexNet model. SqueezeNet compresses the model volume to roughly 1/510th its original
size while guaranteeing that the precision is maintained despite a roughly 50-fold reduction
in parameters [20].

3.1.2. MobileNetv2

There are 53 layers in the lightweight MobileNetV2 convolutional neural network
(CNN). The architecture of MobileNetV2 [21] starts with a sequence of convolutional layers
and continues with depth-wise differentiated convolutions, inverted residuals, bottleneck
design, linear bottlenecks, and squeeze-and-excitation (SE) blocks. Together, these elements
enable the model to retain its capacity to capture intricate features while requiring fewer
calculations and parameters. There are various benefits of classifying images using Mo-
bileNetV2. First of all, the architecture is lightweight. Second, when compared with bigger
and more computationally costly models, MobileNetV2 obtains comparative accuracy.
Finally, the model is appropriate for applications that operate in real time thanks to its
compact size, which allows for speedier inference times.

3.2. Non-Lightweight Deep CNN Models

Overall, DenseNet-201 [22] has 201 layers. Conventional convolution connects each
layer to the following layer. Each of the layers in DenseNet has a feed-forward connection to
each subsequent layer. Implicit deep supervision results from giving each layer immediate
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accessibility to the gradients derived from the initial input signal and the corresponding
loss function.

4. Our Proposed Method

The approach for the comparative study and the recommended method for distorted
image classification involves four primary processes comprising data preparation, feature
extraction, feature selection, classification, and evaluation. A procedural graph illustrating
the method and its comparison steps is shown in Figure 3. Detailed information for each
step is provided in the following subsections.
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Figure 3. Comparative Study and the Proposed Methodology.

STEP 1: Data Preparation

In this step, the technique modifies the size of the distorted images, which are ad-
justed to match the input size of each pretrained CNN model. For the DenseNet201 and
MobileNetv2 models, images are resized to (224, 224) pixels, and for the SqueezeNet model,
the images are resized to (227, 227) pixels. The resizing is required to ensure that the input
dimensions are compatible with the respective models for accurate feature extraction and
subsequent processing.

STEP 2: Feature Extraction

Pretrained models are used as feature extractors for distorted image detection because
they have already learned how to extract relevant features from large datasets. In order
to train these deep learning models on smaller datasets without encountering the issue of
overfitting, transfer learning is used. Transfer learning allows these models to leverage the
knowledge gained from vast amounts of data and apply it to new tasks with limited data.

STEP 2.1: DenseNet201 Feature Extraction

Algorithm 1 depicts a general framework for DenseNet201 feature extraction. The final
fully connected layers (fc1000) yield a 1 x 1000 feature vector, which is the DenseNet201
feature vector.
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Algorithm 1 DenseNet201 model as feature extraction

Input: Distorted Image from dataset.
Output: 1 x 1000 features vector dimension.
Begin
For
1: Import the dataset images and perform the following preprocessing steps in accordance with
DenseNet201 requirements:
1.1: Every image entry should be limited to a value between 0 and 255.
1.2: For every image, adjust the resolution to (224 x 224).
2: Import Pre-trained DenseNet201 Model:
3: Import DenseNet201 model weights.
4: Eliminate the layer of classification. The final fully connected (FC) layers of the model are either
absent or have been removed.
5: Select the Feature Extraction Layer: Create a brand-new model only for the feature extraction,
then carry out the subsequent loop steps:
5.1: Go over every image in the dataset one by one.
5.2: Send the image up to the selected feature extraction layer via the Pre-trained
DenseNet201 Model.
5.3: Extract features from the selected layer (“fc1000”).
5.4: Save the features that were extracted into an array.
6: Apply the flattened method to reduce the dimensions of the features array into one.
7: Print the flattened array.
8: Save the 1000 feature vector that was produced.
End for
End

STEP 2.2: SqueezeNet Features Extraction

Algorithm 2 provides a general framework for SqueezeNet feature extraction. The
final fully connected layers (avg_pool10) yield a 1 x 1000 feature vector, which is the
SqueezeNet feature vector.

Algorithm 2 SqueezeNet model as feature extraction

Input: Distorted Image from dataset.
Output: 1 x 1000 features vector dimension.
Begin
For
1: Import the dataset images and perform the following preprocessing steps in accordance with
SqueezeNet requirements:
1.1: Every image entry should be limited to a value between 0 and 255.
1.2: For every image, adjust the resolution to (227 x 227).
2: Import Pre-trained SqueezeNet Model:
3: Import SqueezeNet model weights.
4: Eliminate the layer of classification. The final fully connected (FC) layers of the model are either
absent or have been removed.
5: Select the Feature Extraction Layer: Create a brand-new model only for the feature extraction,
then carry out the subsequent loop steps:
5.1: Go over every image in the dataset one by one.
5.2: Send the image up to the selected feature extraction layer via the Pre-trained SqueezeNet
Model.
5.3: Extract features from the selected layer (“avg_pool10”).
5.4: Save the features that were extracted into an array.
6: Apply the flattened method to reduce the dimensions of the features array into one.
7: Print the flattened array.
8: Save the 1000 feature vector that was produced.
End for
End
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STEP 2.3: MobileNetv2 Feature Extraction

Algorithm 3 provides a general framework for MobileNetV2 feature extraction. The
final fully connected layers (block_12_add) yield a 1 x 1344 feature vector, which is the
MobileNetV2 feature vector.

Algorithm 3 MobileNetV2 model as feature extraction

Input: Distorted Image from dataset.
Output: 1 x 1344 features vector dimension.
Begin
For
1: Import the dataset images and perform the following preprocessing steps in accordance with
MobileNetV2 requirements:
1.1: Every image entry should be limited to a value between 0 and 255.
1.2: For every image, adjust the resolution to (224 x 224).
2: Import Pre-trained MobileNetV2 Model:
3: Import MobileNetV2 model weights.
4: Eliminate the layer of classification. The final fully connected (FC) layers of the model are either
absent or have been removed.
5: Select the Feature Extraction Layer: Create a brand-new model only for the feature extraction,
then carry out the subsequent loop steps:
5.1: Go over every image in the dataset one by one.
5.2: Send the image up to the selected feature extraction layer via the Pre-trained
MobileNetV2 Model.
5.3: Extract features from the selected layer (“block_12_add”).
5.4: Save the features that were extracted into an array.
6: Apply the flattened method to reduce the dimensions of the features array into one.
7: Print the flattened array.
8: Save the 1344 feature vector that was produced.
End for
End

STEP 3: Apply Feature Selection Method

A popular method for dimensionality reduction in feature selection is Principal Com-
ponent Analysis (PCA) [23]. The input data was used to extract the features of the pretrained
models; the most effective features were subsequently selected and utilized in the classifica-
tion step. The following (Algorithm 4) is a description of an algorithm for applying PCA to
feature selection:

Algorithm 4 PCA Feature selection

Input: Feature Extracted Vector.
Output: Selected Feature Vector.
Begin
For
1: Import the Feature extracted vector.
2: To guarantee that every feature has an equal scale, standardize or normalize the feature
extraction vector using the following sub steps:
2.1: Calculate the mean of each feature and divide it by the standard deviation.
2.2: As required by PCA, this guarantees that every feature has a mean of 0 and a standard
deviation of 1.
3: Determine the standardized features’ covariance matrix. The correlations between various
features are revealed by the covariance matrix.
4: Determine the eigenvalues and eigenvectors covariance matrixes. To determine the eigenvalues
and eigenvectors of the covariance matrix, apply eigen decomposition.
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Algorithm 4 Cont.

5: Choose Principal Components: Choose the top k eigenvectors that match the biggest
eigenvalues by sorting the eigenvalues in descending order. These outputs are the Principal
components.

6: Project Data onto Principal Components: To generate the reduced dimensional feature space,
project the standardized data onto the principal components that have been chosen.

End for

End

STEP 4: Classification

To evaluate the effectiveness of the model and the selected features, it is necessary to
perform a classification step. The selected features are used to train a different classifier,
which then classifies the different types of distortion. There are numerous photos, and
the majority of them have various types of distortion. Therefore, an algorithm that can
detect these particular types of distortion and classify the image as distorted needs to be
discovered. This type of prediction classification challenge can be resolved easily using
KNN and the naive Bayes method. For this reason, we used K-nearest neighbor (KNN)
and naive Bayes (NB) as effective classifiers in the present research for classifying the
distorted images.

STEP 4.1: K-Nearest Neighbor (KNN) Classifier.

The K-nearest neighbor (KNN) classifier [24] is a non-parametric, easy to understand,
and effective machine learning algorithm used for classification and regression tasks. It
entails classifying a sample based on the k training set samples that are most similar to
it. KNN has several advantages: it is easy to use, does not require a detailed training
step, and works well in a variety of applications, especially when working with big sets of
training data [25]. In order to reduce overfitting and enhance generalization, the optimum
K s chosen.

Here is the procedure to develop a KNN model.

1.  Training Phase:

e Training and testing data sets are divided according to the preceding selected
feature vectors.

e KNN is an instance-based learning algorithm; that is, it memorizes the training
cases instead of learning a model explicitly.

e  All of the training data points and the labels that go with them are stored.

2. Prediction Phase:

e  Determine the distance using a distance metric (such as the Euclidean distance)
between each training instance and the test instance.

e  Determine which K training instances are nearest to the test instance in order to
find neighbors. In this work, a KNN with a 9-neighbor arrangement was used
since overfitting reduces as K increases.

e  Popular Vote (for Classification): Choose the class label that the K nearest neigh-
bors share the greatest amount of.

e  Average (for Regression): Determine the expected value by averaging the values
of the K nearest neighbors.

Next, using the training data set, the model is trained. Then, the trained KNN model
is evaluated to determine which distortion class it belongs to.

STEP 4.2: Naive Bayes (NB) Classifier

The naive Bayes algorithm is a method of supervised learning that solves classification
issues. This depends on the Bayes hypothesis. Furthermore, instead of returning the test
point’s label, the naive Bayes probabilistic classifier returns the likelihood that the test point
belongs to a class. According to the test data, the naive Bayes classifier’s system learning
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incorporates the best-rated sample in the relevant class [26]. The naive Bayes algorithm
can detect these particular types of distortion and classify the image as distorted, as shown
in Figure 4. The naive Bayes classifier is a highly efficient classification technique that can
handle highly dimensional information and facilitates the rapid construction of machine
learning models capable of making accurate predictions. Next, using the training data
set, the model is trained. Then, the trained NB model is evaluated to determine which
distortion class it belongs to.

Naive bayes classifier

@ Classifier 1
61 Classifier 2
[ ] @ Classifier 3

Figure 4. Mechanism of Naive Bayes Classifier.

STEP 4.3: The Logistic Regression Classifier.

The logistic regression is known as statistical regression model, and it is based on
ordinary regression [23]. The goal of logistic regression is to identify the most effective
model for analyzing the correlation between a set of uncorrelated variables (predictor) and
a feature of interest that is of a dichotomous nature (outcome variable).

5. Experimental Results and Analysis

The four components of the results that will be covered in this section are available
datasets, performance measurement measures, analysis conclusions, and comparisons with
various approaches. A few of the requirements, as indicated in Figure 5, were used to carry
out the experiment.

( ) ( Processor (Intel(R) Core(TM) )
PC (HP laptop) - ~| i7-6500U CPU @ 2.50 GHz
| L 2.60 GHz) J
I~ - ~\
Software (MATLAB Experimentation || Operating system (Microsoft
version R2020a) Properties Windows 10 64-bit (0S))
\ . J
s ( 9 . )
Graphics Card (Intel® HD
RAM (8 GB) o= | Graphics 520 (NVIDIA GTX
950M))
\ y, \ y,

Figure 5. Experimentation Properties Description.
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5.1. Datasets

The KADID-10k dataset [27] has been used to assess the performance of the recom-
mended approach. A total of 10,125 distorted images make up the entire imbalanced
KADID-10k dataset. It is composed of 18 clear images, each of which has undergone five
levels of degradation from 25 distortions. Each of the samples in the dataset, as Table 2
demonstrates, falls into one of the 25 categories of distortion. Figure 6 shows the several
groups of distorted images in the KADID-10k dataset.

Table 2. Summary of the Kadid-10k Dataset Categories.

Details
Class_ID Family . .
Distortion_Category Sample_No.
#01, #02, #03 Gaussian blur, Lens blur, Motion blur Blurs 1215
404, #05, #06, #07, #08 Color diffusion, Color shift, Color quantization, Color Distortions 2025

Color saturation 1, Color saturation 2

#09, #10, JPEG2000, JPEG Compression 810
#11, #12, #13, #14, #15 White n01se., White r1.01s.e 1r} color. compongnt, Noise 2025
Impulse noise, Multiplicative noise, Denoise
#16, #17, #18 Brighten, Darken, Mean shift Brightness Change 1215
#19, #20, #21, #22, #23 Jitter, Non-eccentricity patch, Pixelate, Spatial Distortions 2025
Quantization, Color block
#24,#25 High sharpness, Contrast change Sharpness And Contrast 810
Total - 10,125

Figure 6. Various Pristine Images. Samples Collected from the KADID-10k Dataset.

Figure 6 indicates the overall amount as well as the spread of samples across the
various types of distorted images included in the dataset. It is imperative to emphasize that
there is a significant imbalance in the KADID-10k dataset. From Figure 7, we can see that
10% of the images are in the Distortion_Category (Compression, Sharpness, and Contrast),
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while over 60% of the images are in the Distortion_Category (Color Distortions, Noise, and
Spatial Distortions).

KADID-10k Dataset Families Sample No
Sharpness And Contrast |[INEEEEEENSTON

Spatial Distortions 0 e B U SO e R NS

e
St Brightness Change TSN
et
&
O Noise | —s
=I
S
€ Compression | IEN—
3
=
A  Color Distortions | ——2EN
Blurs I | S TS
100 250 400 550 700 850 1000 1150 1300 1450 1600 1750 1900 2050 2200 2350 2500
Figure 7. The Dispersion of Distortion across Classes inside the KADID-10k Dataset.
5.2. Performance Evaluation Measures
The proposed approach was evaluated using a confusion matrix that included five
measures, including accuracy, precision, error, recall, and F-measure. Table 3 contains the
mathematical equations and descriptions of these measurements. Each term that can be
determined using the aforementioned formulas is described in Figure 8.
Table 3. The Full Description of Each Terms.
Metric Description Formula Eq No
It represents the proportion of accuratel .
Accuracy P prop Y Accuracy = % Equation (1)

recognized images to all images entered.

The percent of all given images that the
Precision classification algorithm properly identified is Precision = % Equation (2)
represented by this number.

This is the proportion of every image to the
Error overall number of images that have been Error = % Equation (3)
mislabeled.

It represents the proportion of all images
Recall belonging to that category that have been Recall = Tpiil}N Equation (4)
accurately classified.

False Positive (FP) ) ( True Positive (TP)
The range of malware kinds that could The range of malware kinds that could
e viewed as negative and positive. | Evaluation [ be viewed as positive. )
) N || Measures Terms || ~ -
False Negative (FN) True Negative (TN)
The range of malware kinds that could The range of malware kinds that could
| be viewed as negative and positive. ) { be viewed as negative. )

Figure 8. A Detailed Description of Every Term [28].
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5.3. Evaluation Results

A 10-fold cross-validation technique is used to ensure the accuracy and dependability
of the experimental outcomes [29]. In total, 10 tests are carried out, and the process is
ultimately evaluated by summing together the outcomes of each experiment.

As is going to be covered in the subsequent section, the results are capable of being
evaluated in relation to the best feature and classifier. The features extracted are obtained
from lightweight and non-lightweight pretrained CNN models, including SqueezeNet,
MobileNet-v2, and DenseNet201.

We choose different percentages of the feature extracted vector (e.g., 25%, 50%, 100%)
employing the PCA approach. The feature selection proportion for every one of the chosen
lightweight and non-lightweight pretrained CNN models can be seen in Table 4.

Table 4. The Full Summary of Feature Selection Percentage (%) For Every Chosen Pretrained CNN
Model.

Feature Selection Percentage

No Model Full Features
100% 50% 25%
1 SqueezeNet 1000 1000 500 250
2 Desnet201 1000 1000 500 250
3 MobileNet-v2 1344 1344 672 236
4 AlexNet 4096 4096 2048 1024

Tables 5-7 provide an overview of the performance metrics for SqueezeNet, DenseNet201,
and MobileNet-v2 across 25%, 50%, and 100% of the feature extracted vector, respectively,
for each distortion class, as well as the overall average of evaluation metrics that was
determined after applying each classifier.

It can be noticed that the results improve at 25% of the feature extracted vector,
whereas they decrease at 50% and 100% of the feature extracted vector. This illustrates how
performance can be improved through feature selection.

A greater accuracy of 25% of the feature extracted vector is always obtained when
comparing the accuracy of three pretrained models to different percentages of the feature
extracted vector. For the benefit of this paper, we took into consideration 25% of the feature
derived vector for further tests.

5.3.1. Analysis of Lightweight Deep CNN Model Performance Results

In this instance, we compare SqueezeNet with MobileNet-v2’s performance at 25%,
50%, and 100% of feature extraction vector. Furthermore, between two classifiers (KNN
and naive Bayes). Tables 5 and 6 provide an overview of the performance metrics for
SqueezeNet and MobileNet-v2 across 25%, 50%, and 100% of the feature extracted vector,
respectively, as well as the overall average of evaluation metrics across every category of
distortion that was determined after applying each classifier.

As previously said, the results become better at 25% of the feature extracted vector,
whereas they decrease at 50% and 100% of the feature extracted vector. Tables 5 and 6
demonstrate that. Therefore, we will concentrate on the findings for 25% of the feature
extracted vector, then analyze these results.

Each classifier has a distinct set of characteristics that cause it to give a distinctive set
of findings even when each classifier has the same feature vector entered. The findings are
capable of being examined in terms of the most successful feature and classifier.
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Table 5. Evaluation Measures Results of Two Classifiers on SqueezeNet Features Over the Kadid10k Dataset.

Percentage of Selected Features (%)

SqueezeNet Features-No SqueezeNet Features-No SqueezeNet Features-No
Classifier Class ID Family Name 100% of Features 50% of Features 25% of Features
Evaluation Measures (%) Evaluation Measures (%) Evaluation Measures (%)
Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall

#1 Blur 98 02 98 98 100 99 01 99 98 100 99 01 99 99 100
#2 Brightness Change 86 14 92 96 100 88 12 93 88 100 89 11 92 89 100
#3 Color Distortion 88 12 94 88 100 89 11 93 87 100 90 10 93 97 100
#4 Compression 81 19 89 81 100 79 21 88 79 100 82 18 89 80 100
KNN #5 Noise 91 09 95 91 100 92 08 96 92 100 93 07 95 93 100
#6 Original 79 21 88 79 100 81 19 89 81 100 83 17 88 82 100
#7 Sharpness And Contrast 92 08 96 92 100 93 07 96 93 100 93 07 95 91 100

#8 Spatial Distortion 80 20 89 81 100 81 19 88 78 100 83 17 88 77 100

Average 86.8 13.1 92.6 88.25 100 87.7 12.25 92.7 87 100 89 11 923 88.5 100

#1 Blur 89 11 94 100 89 91 09 95 99 91 92 08 95 90 91

#2 Brightness Change 60 40 73 88 62 81 19 90 87 93 89 11 94 89 100

#3 Color Distortion 58 42 71 89 59 83 17 92 87 96 85 15 90 87 94

#4 Compression 52 48 66 74 60 74 26 85 79 92 78 22 88 78 100

Naive #5 Noise 55 45 69 63 55 91 09 95 91 100 92 08 96 92 100
#6 Original 63 37 77 78 76 60 40 74 77 72 82 18 90 82 100

#7 Sharpness And Contrast 54 46 69 93 54 93 07 95 93 95 91 09 95 91 100

#8 Spatial Distortion 62 38 76 75 78 81 19 89 81 100 88 12 88 86 100

Average 61.6 383 743 825 66.6 81.7 18.25 89.3 86.7 923 87.1 12.8 92 86.8 98.12

Table 6. Evaluation Measures Results of Two Classifiers MobileNet-v2 Features over the Kadid10k Dataset.

Percentage of Selected Features (%)

SqueezeNet Features-No SqueezeNet Features-No SqueezeNet Features-No
Classifier Class ID Family Name 100% of Features 50% of Features 25% of Features
Evaluation Measures (%) Evaluation Measures (%) Evaluation Measures (%)
Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall
#1 Blur 98 02 98 98 100 99 01 99 99 100 99 01 99 99 100
#2 Brightness Change 86 14 93 88 100 88 12 92 86 100 88 12 94 89 100
#3 Color Distortion 87 13 93 87 100 88 12 93 88 100 89 11 93 89 100
#4 Compression 79 21 88 79 100 81 19 89 81 100 82 18 89 80 100
KNN #5 oise 91 9 95 91 100 93 07 96 93 100 92 8 95 92 100
#6 Original 80 20 89 80 100 77 23 87 77 100 79 21 88 79 100
#7 Sharpness And Contrast 90 10 95 91 100 91 09 95 90 100 93 07 96 93 100
#8 Spatial Distortion 76 24 88 78 100 77 23 85 77 100 80 20 89 80 100

Average 85.8 14.1 92.3 86.5 100 86.7 13.25 92 86.3 100 87.7 12.2 92.8 87.6 100
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Table 6. Cont.

Percentage of Selected Features (%)

SqueezeNet Features-No SqueezeNet Features-No SqueezeNet Features-No
Classifier Class ID Family Name 100% of Features 50% of Features 25% of Features
Evaluation Measures (%) Evaluation Measures (%) Evaluation Measures (%)
Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall
#1 Blur 80 20 88 80 100 95 05 97 100 95 98 02 99 100 99
#2 Brightness Change 51 49 65 88 51 94 06 97 95 99 86 14 92 90 89
#3 Color Distortion 65 35 78 86 71 72 28 78 93 74 74 26 78 87 80
#4 Compression 54 46 65 82 54 60 40 62 85 65 64 36 69 82 75
Naive #5 Noise 48 52 61 95 45 68 32 67 80 70 70 30 75 85 77
#6 Original 55 45 66 81 56 68 32 69 83 72 69 31 74 81 75
#7 Sharpness And Contrast 45 54 58 95 41 50 50 56 93 55 53 47 60 60 68
#8 Spatial Distortion 51 49 62 81 51 60 40 62 83 69 65 35 70 78 72
Average 56 43 67 86 58 70 29 73 89 74 72 27 77 82 79

Table 7. Evaluation Measures Results of Two Classifiers on DenseNet201 Features over the Kadid10k dataset.

Percentage of Selected Features (%)

SqueezeNet Features-No SqueezeNet Features-No SqueezeNet Features-No
Classifier Class ID Family Name 100% of Features 50% of Features 25% of Features
Evaluation Measures (%) Evaluation Measures (%) Evaluation Measures (%)
Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall Accuracy ER F1 Precision Recall

#1 Blur 99 01 99 99 100 98 02 99 98 100 99 01 99 99 100

#2 Brightness Change 89 11 94 89 100 87 13 93 87 100 89 11 94 89 100

#3 Color Distortion 87 13 93 82 100 86 14 92 86 100 87 13 93 87 100

#4 Compression 77 23 88 78 100 79 21 88 79 100 80 20 88 80 100

KNN #5 Noise 93 07 96 93 100 92 08 96 92 100 91 09 96 93 100
#6 Original 80 20 89 80 100 78 22 88 78 100 82 18 90 82 100

#7 Sharpness And Contrast 90 10 95 90 100 91 09 96 93 100 90 10 95 92 100

#8 Spatial Distortion 78 22 87 78 100 80 20 89 80 100 77 23 79 77 100

Average 86.6 13.3 92.6 86.12 100 86.3 13.62 92.6 86.6 100 86.8 13.1 91.7 87.3 100

#1 Blur 80 20 90 77 89 85 15 88 92 94 90 10 95 97 91

#2 Brightness Change 56 44 70 90 57 80 20 85 90 97 83 17 92 88 97

#3 Color Distortion 58 42 71 89 59 81 19 87 88 94 82 18 90 86 92

#4 Compression 54 46 67 78 58 68 32 78 86 90 85 15 93 90 96

Naive #5 oise 55 45 68 92 55 82 18 84 78 99 80 20 88 87 81
#6 Original 59 41 72 77 68 70 30 79 88 95 90 10 95 91 99

#7 Sharpness And Contrast 51 49 66 93 51 86 14 90 87 100 81 19 89 81 100

#8 Spatial Distortion 58 42 73 74 73 75 25 81 77 96 79 21 88 79 100

Average 58.8 41.1 72.1 83.75 63.7 78.3 21.62 84 85.7 95.6 83.7 16.2 91.2 87.3 94.5
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In the case of the SqueezeNet model, the KNN classifier outperforms the naive Bayes
classifier in terms of accuracy, precision, error, recall, and F1 score. In the case of the
MobileNet-v2 model, the KNN classifier also outperforms the naive Bayes classifier in
terms of accuracy, precision, error, recall, and F1 score. Because KNN is sensitive to
irrelevant features, its performance can be enhanced based on the optimal feature selected.

This confirms that the performance of the classifier can be influenced by certain fac-
tors: (1) the impact of distortion on the performance of the classifier. It has a substantial
impact on the performance of naive Bayes classifiers but a minimal impact on KNN classi-
fiers. (2) There are differences between the various types of distortion and the effects they
produce. Regarding blur distortion, it has little impact on either of the two classifiers. Re-
garding compression and spatial distortion, however, it significantly affects both classifiers’
performance. (3) Each distortion class’s sample counts have an impact on the classifier’s
performance. With regard to compression distortion, the accuracy is 82%, and there are
810 samples, while for the brightness distortion with 1215 samples, the accuracy is 89%. For
the noise distortion with 2025 samples, the accuracy increases to 93%. This demonstrates
how the sample numbers for every distortion class affect the classifier’s performance.

In terms of accuracy, precision, error, recall, and F1 score, the SqueezeNet model based
on KNN yields the following results: 89%, 11%, 92%, 88%, and 100%, respectively, whereas
the results for the Mobile MobileNet-v2 model based on KNN are 87%, 12%, 92%, 87%, and
100% in terms of accuracy, precision, error, recall, and F1 score, respectively. Then, it can be
seen that the SqueezeNet model with KNN performs better than MobileNet-v2 with KNN
in all the assessment metrics, as indicated by the mean findings on the kadid10k dataset.

5.3.2. Analysis of Non-Lightweight Deep CNN Model Performance Results

In this instance, we compare DenseNet201 performance at 25%, 50%, and 100% of
feature extraction vector, furthermore, between two classifiers (KNN and Naive Bayes).
Table 7 provide an overview of the performance metrics for DenseNet201 across 25%, 50%,
and 100% of the feature extracted vector, respectively.

As previously said, the results are better at 25% of the feature extracted vector, whereas
they decrease at 50% and 100% of the feature extracted vector. Table 7 demonstrate that.
Therefore, we will concentrate on the findings for 25% of the feature extracted vector, then
analyze these results.

Each classifier has a distinct set of characteristics that cause it to give a distinctive set
of findings even when each classifier has the same feature vector entered. The findings are
capable of being examined in terms of the most successful feature and classifier.

In the case of the DenseNet201 model, the KNN classifier outperforms the naive Bayes
classifier in terms of accuracy, precision, error, recall, and F1 score.

It is also evident that three elements have the ability to impact the classifier’s perfor-
mance: (1) the effect of distortion on the classifier’s performance; (2) the results that are
produced by the different kinds of distortion vary from one another; (3) the performance of
the classifier is affected by the number of samples of each distortion class.

In terms of accuracy, precision, error, recall, and F1 score, the DenseNet201 model
based on KNN yields the following results: 86%, 13%, 91%, 87%, and 100%, respectively.
Then, it can be seen that the DenseNet201 model with KNN performs better in all the
assessment metrics, as indicated by the mean findings on the kadid10k dataset.

In terms of accuracy, precision, error, recall, and F1 score, the SqueezeNet model based
on KNN yields the following results: 89%, 11%, 92%, 88%, and 100%, respectively, whereas
the results with the DenseNet201 model based on KNN are 86%, 13%, 91%, 87%, and
100% in terms of accuracy, precision, error, recall, and F1 score, respectively. Therefore, the
SqueezeNet model with KNN performs better than DenseNet201 with KNN under all the
assessment metrics. The proposed SqueezeNet-KNN has the advantages of lightweight
architecture, minimum parameters, and outstanding performance results. The implementa-
tion of lightweight CNN models for applications such as distortion picture classification
requires careful evaluation of the trade-offs between computing effectiveness and accuracy
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in systems in the real world. Therefore, we observed that the proposed SqueezeNet-KNN
offers the best possible compromise between minimizing energy consumption, enabling
the model to operate within the constraints of the hardware, and preserving a satisfactorily
high degree of classification accuracy. Despite having the aforementioned benefits, the
proposed SqueezeNet-KNN still has space for improvement in terms of accuracy, precision,
error, recall, and F1 score metrics.

5.4. Comparison with Previous Works

In this part, we evaluate the effectiveness of various approaches by comparing them
with the proposed SqueezeNet-KNN. Table 8 presents a comparison between the proposed
approach and many existing cutting-edge distortion image classification methods that
rely on features developed using deep learning. Because of the scarcity of lightweight
CNN-based image classification techniques, we concentrate on non-lightweight models for
our comparison.

Table 8. Comparing the Performance of Various Methods.

Methods Design Feature Extraction Classifier Dataset Accuracy (%)
Li and Lizhuang [8] Non-lightweight Vggl6 SVM Dataset collection 74
He et al. [10 Non-lightweight SGDNet Sklearn MultiOutputClassifier LIVE 83
Zhou et al. [7] Non-lightweight CNN-LeNet-5 DNN MNIST 77
Saurabh et al. [13] Non-lightweight Deep Neural Network DDICM Classifier Dataset collection 95
Hossain et al. [16] Non-lightweight DCT-Net VGG16 ImageNet 54

Samuel and Lina [9]

Basu et al. [11]
Proposed (SqueezeNet-KNN)

VGG16, GoogLeNet,

Non-lightweight DNN ImageNet 92

and ResNet50 .
Non-lightweight Deep Belief Net a feed-forward backpropagation MNIST 89
neural network
Lightweight SqueezeNet KNN kadid10k 89

The most accurate approaches now in use are those found in [9,13]. Nevertheless, as
Table 8 illustrates, there is an increase in the expense of computing operations. The main
cause is the use of the non-lightweight models such as VGG16, GoogLeNet, and ResNet50.

The accuracy rate associated with the present approach [8] is worse. Nevertheless,
they have the disadvantage of being time-consuming. The main cause is the use of the
non-lightweight models (Vgg16). Additionally, noise and distortion might impair the SVM
classifier’s performance. Other distortion picture classification methods [16] performed
poorly when compared to the proposed technique.

The accuracy values obtained using the [11] methodology are quite similar to the
maximum accuracy that the proposed approach is able to produce. Nevertheless, these
methods are dependent on a non-lightweight model (Deep Belief Net), which results in
large feature vector dimensions. Their feature vectors are huge and need a substantial
computing expenditure. Furthermore, the performance of a feed-forward backpropagation
neural network classifier may be hampered by noise and distortion.

The accuracy rate associated with the methods [7,10] is acceptable. However, they
have the drawback of requiring a lot of time. Using non-lightweight models (SGDNet and
CNN-LeNet-5) is the primary reason. Furthermore, the performance of the DNN classifier
and the Sklearn MultiOutputClassifier may be affected by noise and distortion.

The accuracy of the presented technique increased to 89% by incorporating SqueezeNet
and KNN. As shown in Figure 9, it outperformed and was competitive with most of the
other approaches. Furthermore, the proposed method utilized the benefits of a lightweight
model, which reduced the feature vector dimensions. Because of their small feature vectors,
they require less computational power.
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Figure 9. Comparison of Performance of Current State-of-the-Art Methods [7-11,13,16].

6. Conclusions

The present research offers a comprehensive analysis of both non-lightweight and
lightweight deep CNN models for the classification of distorted images. Subsequently,
it proposes an effective method to enhance the overall distortion image classification
performance, which entails choosing features from the pretrained models’ capabilities and
using a strong classifier.

Non-lightweight models do well in classifying different kinds of distortion. However,
they demand a lot of processing power because of having deeper designs as well as
complicated feature extraction capacities.

The kadid10k dataset was used in experiments to evaluate the usefulness of the results.
In terms of accuracy, precision, error, recall, and F1 score, the KNN classifier outperformed
the naive Bayes classifier. Additionally, SqueezeNet performed better than other deep
CNN models—Dboth lightweight and non-lightweight—across every evaluation metric. The
results of the experiment demonstrate that the approach, which combines SqueezeNet and
KNN, can effectively and precisely classify distorted images into the right categories.

As evidenced by the outcomes, the proposed SqueezeNet-KNN method’s accuracy
rate was 89%. It outperformed and was competitive with most of the other approaches.
Furthermore, the proposed method utilized the benefits of a lightweight model, which
reduced the feature vector dimensions. Due to their small feature vectors, they require less
computational power. These models are useful in real-time situations where computing
performance is essential, and they actually functioned rather well in classifying different
types of distortion. Despite having the aforementioned benefits, the proposed SqueezeNet-
KNN still has space for improvement in terms of accuracy, precision, error, recall, and F1
score metrics. Therefore, other lightweight models like ShuffleNet and EfficientNet-BO will
be used in future work. Hybrid model performance and efficiency in managing distorted
images will be further improved. Furthermore, the proposed method was only tested
on the kadid10k dataset. We would like to test our method on additional datasets, such
as MINIST.
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