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Abstract 

New technologies, specifically employing deep learning algorithms, have 

resulted in the development of enhanced expeditious and accurate cervical cancer 

screening, particularly within the medical field. The colposcopy approach is one 

of the crucial parts of clinical screening for early detection of cervical cancer and 

cervical intraepithelial neoplasia (CIN). It has an immediate impact on the 

diagnosis and treatment plan for the patient. Therefore, it has potential as it has 

been extensively used for cervical cancer screening. The present work proposes 

a predictive model implementing Convolutional Neural Networks (CNN) and 

colposcopy images for the identification of various classifications of cervical 

cancer, encompassing its initial stages. The investigation looks into the 

implications of augmenting the total number of classes on the proposed model's 

precision. This presents a prospect for the different-stage diagnosis of cervical 

cancer. This presents a prospect for the early-stage diagnosis of cervical cancer. 

The findings indicate that according to the results, augmenting the number of 

classes enhances detection accuracy during the training phase, reaching up to 

99%. Still, this improvement in accuracy is counteracted during the test stage, 

diminishing to 43.11% in the proposed model. For future research, the application 

of methods like Inception v3, faster R CNN, transfer learning, and VGG19 holds 

promise for enhancing the detection of cervical cancer using colposcopy images. 

Keywords: Cervical cancer, Classification, Colposcopy image, Deep learning, 

Detection model.  
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1.  Introduction 

Cervical cancer arises when the cervix, conventionally covered a surrounded by a 

slim layer of normal cells, undergoes a transformation into dangerous cells that 

demonstrate accelerated growth and division, ultimately forming a tumor [1]. All 

diseases impose significant financial and emotional burdens on society, especially 

various cancers [2]. If this cancer is diagnosed before it spreads, it may be treated. 

Usually, a biopsy and a screening procedure are used to make the diagnosis. Early-

stage detection of this cancer allows for effective treatment, typically through a 

screening process and biopsy.  

Employing image processing techniques aids in determining the extent of 

cancer spread [3]. Currently ranked as the fourth most common cause of mortality 

from cancer in women, cervical cancer underscores the crucial role of Computer-

Aided Detection (CAD) systems [2]. The imperative for accurate diagnoses, 

minimizing the impact of human error, has spurred advancements in Computer-

Aided Detection (CADe) and diagnosis (CADx) systems. These systems provide 

crucial support to medical professionals, transitioning from relying solely on 

individual expertise to incorporating trained systems addressing specific problems 

in the diagnostic process [2]. The main reason for classifying medical images is to 

help identify exact pathological aspects hidden inside images acquired after 

medical examinations. In recent years, the practice of utilizing Convolutional 

Neural Networks has been noticed during detection and classification tasks [4].  

The advancement of Deep Learning (DL) techniques, specifically 

Convolutional Neural Networks (CNN), has transformed Computer-Aided 

Detection (CAD) systems. Such techniques mitigate the need for manual curation 

and human intervention due to their ability to automatically learn and extract 

features from complex input data. A notable incident in the 2015 ImageNet Large-

Scale Visual Recognition Challenge (ILSVRC) has proven the DL model to 

outperform humans in image classification tasks. Since then, such algorithms 

gained constant growth in image processing and tasks such as object detection and 

segmentation [5]. 

DL, extensively used in medical image processing, has shown remarkable 

efficacy in various tasks like classification, detection, and segmentation. Litjens et 

al. [6], as discussed provided insights into the prevalence and applications of DL 

models. DL, an advanced subset of machine learning, automatically learns 

functions and features from input data [7]. With its multi-layered data processing, 

DL can learn intricate patterns, making it highly versatile across diverse 

applications. Situated within artificial intelligence, DL has proven instrumental in 

addressing challenges in medical image analysis, contributing significantly to 

research and clinical advancements [8]. 

Automated systems possess the capability to empower less skilled medical 

technicians, physicians, and people in healthcare to draft assessments that are on 

par with those of specialists [9]. These systems are designed to expedite the 

diagnostic process with minimal human intervention [10]. Deep learning advances 

have been crucial in solving problems that the artificial intelligence field has 

struggled to solve for a long time. Interestingly, deep learning has a remarkable 

capacity to identify complicated patterns in high-dimensional data, which makes it 

useful in a variety of medical fields [11, 12].  



Exploring the Impact of Increasing the Number of Classes on the . . . . 631 

 
 
Journal of Engineering Science and Technology               April 2024, Vol. 19(2) 

 

1.1. Research highlight and contribution 

This research actively contributes to the field of medical imaging and cancer 

diagnostics, particularly in the context of cervical cancer screening using 

colposcopy images and deep learning techniques. Our contribution to the study can 

be summarized as follows: 

• A predictive model utilizing Convolutional Neural Network (CNN) architecture 

and VGG16 model components with colposcopy images for the identification of 

various classifications of cervical cancer, including its initial stages.  

• Investigation of the impact of augmenting the total number of classes in the 

predictive model to potentially improve the performance. 

• Evaluation of detection accuracy during both the training and test phases. 

• Identification of future research directions in addition to presenting the 

current findings. 

The paper is organized in the following sections: In Section 1.2, the problem 

statement is further upon, providing a comprehensive overview. Section 2 delves 

into the related work, presenting a review of relevant literature. Section 3 outlines 

the methodology, elucidating the proposed predictive model that employs deep 

learning algorithms, specifically based on the Convolutional Neural Network 

(CNN) structure, to augment the detection of cervical cancer (CC) utilizing 

colposcopy images. Section 4 furnishes details about how the model was put into 

practice, encompassing aspects including the setup and dataset utilized in the study. 

Finally, our research is concluded to highlight the results of the experiments and 

the limitations in Section 5. 

1.2.  Problem statement  

The diagnosis of cervical cancer is usually made by a screening and biopsy process. 

It is possible to identify cancer and categorize it into several phases of development 

using image processing tools. Viral cell analysis involves medical image processing 

and intelligent systems. Simultaneously, with the progress of new techniques, they 

can make more efficient and less time-consuming diagnosis solutions. Modern 

machine learning methods and wireless communication technologies have 

provided us with the chance to develop a whole medical diagnostic system that can 

function accurately, in real-time, and without the need for human intervention. In 

fact, deep learning has made significant strides in accuracy in a multitude of 

applications. Because of its high accuracy in several domains, it has emerged as 

one of the most advanced methods of machine learning [3]. 

Currently, colposcopy is a prevalent medical procedure to detect and monitor 

the progress of cervical cancer. It is one of the most significant steps in the Cervical 

intraepithelial neoplasia clinical screening (CIN) and primary cervical cancer. 

Using 5% acetic acid for collecting a Cervigram - an image of the cervix - is the 

method known as digital cervicography. While, with increasing workload, artificial 

vision screening has issues with low diagnostic performance and misdiagnosis [10]. 

Deep learning techniques for cervical imaging screening have demonstrated a 

greater incidence of detection of precancer lesions at a higher rate than human 

specialists, especially in women aged 25 to 49 years, age-sensitive to high 

performance in screening disease. On the other hand, the performance of the 

technique depends on good images in terms of quality. It also needs to check wrong 
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classifications, including false-positive and false-negative images, manually. Some 

factors confuse classification and make categorization difficult, and they overlap 

with the cervical area. Therefore, they must continue to optimize the algorithm 

concerning classification performance and training time [13].  

2.  Related Work 

Recent literature has shown increasing interest in utilizing deep learning techniques 

for medical image analysis [14]. This research aims to contribute actively to the 

ongoing advancements in this area to potentially further innovate the early 

diagnosis and treatment of cervical cancer. As a result, several implications are 

made to the field of medical imaging and cancer diagnostics as follows:  

• Neural Networks can help in analysing medical data, aiding in the prediction 

of disease risks, which is crucial for cancer diagnostics [15]. 

• Ultimately, the use of DL algorithms such as CNN with colposcopy images 

can further improve the accuracy and speed of cervical screening. Such 

techniques can lead to earlier detection of cervical cancer and in turn, provide 

effective treatment for the [16]. 

Studies have explored and applied several DL techniques, such as Convolutional 

Neural Network (CNN) [17]. Hu et al. [18] utilized a large dataset of colposcopy 

images to classify and detect abnormalities. The model achieved high accuracy and 

sensitivity, improving cervical cancer screening. Classifying images into normal and 

abnormal categories has also been explored by Ghojogh et al. [19] using CNN to 

assist clinicians in the early detection of cervical dysplasia. Another version of CNN 

was utilized by researchers, such as multi-view CNN, enhancing the performance of 

cervical precancerous diagnosis by incorporating multiple perspectives in the 

detection process [20]. Sukegawa et al. [21] have also classified images into normal, 

precancerous, and cancerous categories using a multi-task learning framework based 

on CNN, displaying the benefits of leveraging shared representations. Classification-

based deep CNN demonstrated the potential for accurate classification of cervical 

precancerous lesions [22] 

Several other approaches have shown significant accuracy in cervical precancer 

detection, such as transfer learning, as studied by Li et al. [23]. The study used a pre-

trained deep CNN on a natural image dataset and fine-tuned it with a cervical 

precancer dataset. This approach has further been studied by Pramanik et al. [24], 

where the research compared to other DL techniques, including CNN and ensemble 

models. Wang et al. [25] introduced an attention-based DL framework, focusing on 

important regions of the colposcopy images, demonstrating its effectiveness in 

cervical cancer screening. Another learning approach, such as adversarial, has been 

utilized by Gaona et al. [26]. Using augmented data, generative adversarial networks 

(GANs) were utilized to produce additional synthetic data to augment the training set, 

improving the performance of the DL model for cervical cancer detection. 

While many classical architectures have been employed in the recent literature 

such as U-Net [27, 28]. This research mainly adopted the VGG16 architecture, 

based on several factors that are specific to the application of improving the 

detection of cervical cancer using colposcopy images. These factors are listed and 

explained below: 
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• Feature Extraction Capability: VGG16 is well-known for its strong feature 

extraction capability, especially for image classification tasks. Since our goal 

is to classify cervical lesions from colposcopy images, the ability of VGG16 

to extract high-level features from images was a key factor in our decision. 

• Pre-trained Model: VGG16 is often used as a pre-trained model in transfer 

learning scenarios. By leveraging a pre-trained VGG16 model and fine-tuning 

it on our dataset, we were able to benefit from the model's learned features, 

which can improve the performance of the model, especially when working 

with limited data. 

• Architecture Simplicity: Compared to U-Net, which is designed for semantic 

segmentation tasks and includes skip connections for feature concatenation, 

VGG16 has a simpler architecture. This simplicity can be advantageous in 

terms of computational efficiency and ease of implementation, especially 

when considering the complexity of our dataset and the computational 

resources available. 

• Experimental Performance: Through experimentation and validation, we found 

that the VGG16 architecture, when appropriately modified and fine-tuned, 

provided competitive performance in terms of accuracy and efficiency for our 

specific application compared to other classical architectures such as U-Net. 

Overall, the decision to adopt the VGG16 architecture was based on its strong 

feature extraction capabilities, its suitability for transfer learning, its architectural 

simplicity, and its performance in the experimental setup for the task of cervical 

cancer detection using colposcopy images. 

3.  Methodology 

This part of the study delineates the proposed model for the improved detection of 

cervical cancer (CC) utilizing colposcopy images. To improve cervical cancer (CC) 

diagnosis using colposcopy pictures, Fig. 1 proposes and constructs a prediction 

model employing deep learning algorithms based on the CNN structure. Digital 

colposcopic cervical lesion pictures may be used to classify cervix lesions into 

normal and various phases of precancerous and cancerous lesions. This 

classification of digital colposcopic cervical lesion images facilitates a more 

effective diagnosis of CC. By enhancing the feature extraction procedure, the CNN 

method enhances its precision when used as an object identification algorithm to 

identify the lesion site.  

Convolutional neural networks have three different kinds of layers: 

• Part 1: Convection layers: In these layers, we teach the filters to excerpt the 

appropriate features of the image: input image, CNN filters, and the latest CNN 

feature map. Convolution networks generally consist of Convolution layers, 

aggregation layers, and the last component of a fully connected loop or something 

else that is widely used for a particular task, such as classification or identification. 

Feature Map: Calculate the convolution by dragging the filter on our input image, 

and the result is a two-dimensional matrix called the map feature.  

• Pooling involves reducing the number of features in the feature map by 

removing pixels with low values. This operation aims to reduce the spatial 

resolution of the network as well as the number of parameters to train using 

the weight-sharing strategy [29]. 
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• Part 2: Pooling Layer: The function of the pooling layer is to decrease the 

feature map's scale. Within the hidden layer of the Convolutional Neural 

Network (CNN), multiple activation and pooling layers are incorporated to 

facilitate effective feature extraction. 

• Part 3: Fully-Connected layer: The network's final segments are made up of 

the linked layers. The output of the last pooling or convolutional layer serves 

as the input for these fully linked layers. After being flattened, this output is 

transmitted into the fully connected layer, which enhances the network's 

overall connectedness and information processing. 

 

Fig. 1. The architecture of the proposed model. 

In essence, CNN architecture and VGG16 model components are combined in 

the proposed model. While VGG16 served as the general model for the structure, 

several modifications have been made to address the unique application issue of 

cervical cancer detection. Firstly, the input layer has been modified to consider the 

dimensions and features of the colposcopy images. Additionally, the number and 

arrangement of pooling and convolutional layers have been optimized to enhance 

the quality of feature extraction from these pictures. Lastly, to better meet the 

classification criteria for cervical cancer lesions, the fully connected layers of 

VGG16 have been swapped out with customized layers. These changes set the 

model apart from the conventional VGG16 architecture and improved its efficiency 

and accuracy in identifying and categorizing cervical cancer lesions from 

colposcopy images. 

4.  Experiments and Analysis 

The experimental findings, practical techniques, and pertinent debates are 

provided in this part. 

4.1. Experiment setup 

All of the computer-based experiments were carried out using a workstation 

running Microsoft Windows 10 Pro. To improve the processing speed of deep 

learning algorithms and data manipulations, this computer is equipped with an Intel 

Core i5 central processing unit (CPU) and a GeForce GT 720M graphics card with 

6 GB of RAM. The suggested DL-based cervical cancer detection model is run in 

the Anaconda Environment using the Python 3.7.7 programming language, ML and 

DL packages, and the Spyder Python editor. The specifications of the experimental 
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environment are detailed in Table 1, summarizing both the hardware and software 

requirements essential for the setup of the experiment. 

Table 1. Test model specifications and test conditions. 

Software Hardware 

Microsoft Windows 10 pro (CPU) core i5 

Anaconda (Python 3.7.7) GeForce GT 720M 

Integrated development environment (IDE): Spyder 6 GB memory 

Python 3.7.7 programming language 1TB H.D.D 

4.2. Data 

Two distinct Cervigram datasets are employed in this investigation. Further 

information about the datasets is in the ensuing sections.  

4.2.1. Intel & Mobile ODT dataset 

The cervical images utilized in this study were obtained from the Intel & 

MobileODT Cervical Cancer Screening dataset, accessible on Kaggle, a prominent 

data science community providing essential tools and resources for data science 

projects [30]. This dataset comprises a total of 6,734 labelled images representing 

three stages of cervical cancer progression: type 1 cervical intraepithelial neoplasia 

1 (CIN1), type 2 CIN2, and type 3 CIN3. In this investigation, a subset was 

extracted from the Additional images subset, consisting of 1,191 type 1 images, 

3,567 type 2 images, and 1,976 type 3 images. Additionally, a subset was collected 

from the train images subset, including 250 type 1 images, 781 type 2 images, and 

450 type 3 images. The Intel & MobileODT Cervical Cancer Screening dataset also 

encompasses a test set containing 4,018 images without any 635 labelling, as 

indicated in Table 2. The distribution of the collected colposcopic image data is 

summarized in Table 3 for reference. 

Table 2. Test model specifications and test conditions. 

Items Type 1 Type 2 Type 3 

Additional images 1191 3567 1976 

Train data 250 781 450 

Number of total images 1441 4348 2426 

Table 3. Test model specifications and test conditions. 

Items Type 1 Type 2 Type 3 Total 

Train 834 2497 1383 5852 

Test 357 1070 593 2508 

Total 1191 3567 1976 8360 

4.2.2. International Agency for Research on Cancer 

The development of the Atlas of Colposcopy - Principles and Practice was a part of 

the International Agency for Research on Cancer’s (IARC) research endeavours on 

cervical cancer screening, intending to support the implementation of cervical cancer 

screening programs at regional and national levels [31]. The IARC Colposcopy 

Image Bank consists of 913 images, accompanied by matching metadata derived 

from 200 instances. Although de-identified, these images retain clinical information 
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pertinent to patient care. For this study dataset was used to collect images of 32 cases 

of squamous cell carcinoma Type8, 39 cases of invasive squamous cell carcinoma 

Type7, 15 cases of micro-invasive squamous cell carcinoma Type6, 24 cases of 

adenocarcinoma Type4, 88 cases of HSIL-CIN2 Type2, 153 cases of HSIL-CIN3 

Type3, 27 cases of LSIL-HPV Type5, and 89 normal Type0 images were gathered 

from the IARC screening dataset for this study. Furthermore, 390 images in the 

sample were missing a particular label. As shown in Table 4, these unlabelled photos 

will be divided into two sets: a train set, which will include 70% of the images and a 

test set, composed of 30% of the images. 

Table 4. Test model specifications and test conditions. 

Cervigram type Number of images 

Type0 Normal 89 

Type1 LSIL-CIN1 78 

Type2 HSIL-CIN2 88 

Type3 HSIL-CIN3  153 

Type4 Adenocarcinoma  24 

Type5 LSIL-HPV  27 

Type6 Micro invasive squamous cell carcinoma 15 

Type7  Invasive squamous cell carcinoma  39 

Type8 Squamous cell carcinoma  32 

4.3. Experimental results 

i. The experimental phase of this study utilizes images sourced from the train set 

available on Kaggle. These images, integral to the investigation, are formatted 

in JPG and maintain a 3:4 detail ratio, as visually depicted in Fig. 2. 

Most of the images utilized in the study have dimensions of 2448×3264 and 

3096×4128, as depicted in Fig. 3. The Kaggle datasets were employed, and the 

study categorized them into two experiments, namely Experiment 1 and 

Experiment 2. In Experiment 1, the count of cervical cancer images varies 

across Type 1, Type 2, and Type 3. Conversely, Experiment 2 maintains an 

equal number of cervical cancer colposcopy images for Type 1, Type 2, and 

Type 3. To ensure consistency across subsequent experiments and results, a 

uniform count of 250 images was selected for every category found in the 

training set [30]. 

ii. The IARC Cervical Cancer Screening dataset, characterized by a 3:4 aspect 

ratio and images in JPG format with dimensions of 800×600, was incorporated 

into the study. This dataset was segmented into two categories, Experiment 3 

and Experiment 4. In Experiment 3, the initial dataset was used [31]. 

 

Fig. 2. Intel & MobileODT, sample histology  

cases, (a) CIN1, (b) CIN2, and (c), and CIN3. 
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4.4. Preprocessing 

Figure 3 demonstrates the diverse spectrum of image sizes present in the primary 

dataset. To maintain consistency and expedite processing, all images from 

investigations 1, 2, 3, and 4 were resized to 32 by 32 pixel sizes. The pixel values 

in these images need to be normalized before they can be used as input for a deep 

learning neural network model's training or evaluation. The favoured scaling 

method can be utilized during the model's training and evaluation phases. In 

addition, the photographs were initially classified according to their landscapes and 

then required rotation. As a result, the images were rotated and then standardized 

to 32X32 pixels to increase the availability of distinctive features during model 

training while mitigating computational burden. 

 

Fig. 3. The ratio of the size of the images to their number. 

4.5. Augmentation methods 

The augmentation techniques for a larger number of photos in the dataset of 

Experiment 4 include 45-degree rotation and horizontal and vertical filliping, as 

provided in Fig. 4. With a small collection of colposcopy images, it impossible be 

possible to effectively train a deep learning model. Deep learning models do badly 

when taught with moderate volumes of training data. 

The data augmentation approach will be used to artificially produce the 

Cervigram images so that the deep learning model can operate with a big training 

set size. The AlexNet model was trained by Krizhevsky et al. [32] using horizontal 

reflections and image translations on the training images. Twenty-four hundred 

more training photos were added using this method [32]. Random cropping and 

random rotation were among the moderate picture alteration techniques used by 

Alyafeai and Ghouti [9].  

 

Fig. 4. Examples of data from augmented cervigrams. (a) Original,  

(b) horizontally flipped, (c) vertically flipped, and (d) Rotated 45. 
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4.6. Transfer learning 

Transfer learning was integrated to optimize the performance of the predictive 

model for cervical cancer screening. This technique was used to leverage the 

knowledge gained from pre-trained models. After the initial training with transfer 

learning, the model can be further fine-tuned on the target dataset, allowing it to 

adapt to the specific characteristics of the cervical cancer screening task. In turn, 

this technique helped to eliminate limitations in the data and improve the accuracy 

of the predictive model for cervical cancer screening, potentially leading to more 

reliable diagnoses.  

4.7. Analysis and discussion 

(i) A comparison between experiment 1 and experiment 2 of the 

training stage 

An analysis of the differences between experiments 1 and 2 discussed in this sector. 

Details on the comparison of performance indicators between these two tests are 

provided in Table 5. The relevant conversations are listed below. 

Table 5. Performance metrics comparison between experiments 1 and 2. 

Epoch 
Train 

Loss 

Train 

Accuracy 

Validation 

Loss 

Validation 

Accuracy 

100 Ex 1 0.8352 0.5916 0.9482 0.5236 

100 Ex 2 0.7514 0.6800 1.0108 0.5333 

250 Ex 1 0.7595 0.6533 0.9709 0.5573 

250 Ex 2 0.5501 0.7543 1.3345 0.5156 

500 Ex 1 0.6303 0.7279 1.0643 0.5573 

500 Ex 2 0.6303 0.6368 1.0478 0.5708 

700 Ex 1 0.5746 0.7258 1.1478 0.5393 

700 Ex 2 0.5653 0.7581 1.1442 0.5393 

In Fig. 5(a), experiment 1 displays varied image selections for different classes, 

resulting in training loss and validation loss values of 0.8352 and 0.9482 after 100 

epochs. In contrast, experiment 2, with uniform image distribution, yields values 

of 0.7514 and 1.0108, respectively. At epoch 100, experiment 2 excels in training 

loss, while experiment 1 shows better performance in validation loss. 

By epoch 250, experiment 1 records a training loss and validation loss of 0.7595 

and 0.9709, while experiment 2 achieves 0.5501 and 1.3345. Experiment 2 

outperforms Experiment 1 in training loss, while the reverse holds for validation 

loss. At epoch 700, experiment 2 demonstrates superior validation loss 

performance, while both experiments achieve similar results in training loss. 

Figure 5(b) displays the accuracy performance of experiments 1 and 2. 

Experiment 2, employing consistent image numbers across classes, achieves higher 

training and validation accuracy values of 0.6800 and 0.5333 after 100 epochs. In 

contrast, experiment 1 shows values of 0.5916 and 0.5236. Experiment 2 

outperforms experiment 1 at epoch 100. 

By epoch 250, experiment 2 exhibits better training accuracy (0.7543) than 

experiment 1 (0.6533), while experiment 1 excels in validation accuracy. Similarly, 

at epoch 500, experiment 1 surpasses experiment 2 in training accuracy, while 
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experiment 2 shows better validation accuracy. By epoch 700, experiment 2 

outperforms experiment 1 in validation accuracy, with both experiments achieving 

identical outcomes. 

    

Fig. 5. (a). loss performance comparison between  

experiments 1 and 2; (b). train accuracy and validation  

accuracy performance comparison between experiments 1 and 2 

Figure 6 presents the performance of train loss and accuracy from experiments 

1 and 2 across various epochs. In experiment 1, with varying numbers of images 

selected for each class, training loss and training accuracy values were 0.8352 and 

0.5916, respectively, after 100 epochs, while experiment 2, using an equal number 

of images for each class, yielded values of 0.7514 and 0.6800. This indicates that 

experiment 2 demonstrates superior performance at epoch 100. 

At epoch 250, experiment 1 showed training loss and accuracy values of 0.7595 

and 0.6533, whereas experiment 2 achieved values of 0.5501 and 0.7543. This 

demonstrates experiment 2's superior performance at epoch 250. In epoch 500, 

experiment 1 outperformed experiment 2 in terms of training accuracy, while both 

experiments performed equally in terms of training loss. 

At epoch 700, experiment 2 surpassed experiment 1 in training loss (0.5653) 

and accuracy (0.7581), while experiment 1 showed values of 0.5746 and 0.7258. 

This indicates that experiment 2 outperforms experiment 1 at epoch 700. 

 

Fig. 6. accuracy and loss performance  

comparison between experiments 1 and 2. 

(a) (b) 
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(ii) A comparison between experiment 3 and experiment 4 of the 

training stage 

Table 6 provides a performance measure between Experiments 3 and 4 discussed 

next is provided in Table 6. 

Table 6. Performance metrics comparison between experiments 3 And 4 

Epoch 
Train 

Loss 

Train 

Accuracy 

Validation 

Loss 

Validation 

Accuracy 

25 Ex 3 1.5206 0.4507 2.1481 0.2338 

25 Ex 4 0.6007 0.7877 2.3045 0.3268 

50 Ex 3 0.4140 0.8914 3.1502 0.3247 

50 Ex 4 0.0701 0.9844 3.2010 0.4085 

70 Ex 3 0.1555 0.9441 4.1987 0.3636 

70 Ex 4 0.0601 0.9844 3.5832 0.4150 

85 Ex 3 0.0652 0.9901 4.0716 0.3896 

85 Ex 4 0.0302 0.9918 3.5013 0.4444 

100 Ex 3 0.0163 0.9967 4.7400 0.3247 

100 Ex 4 0.0312 0.9893 3.9136 0.4183 

The Train accuracy and validation accuracy values in epoch 85 for experiment 

3 are 0.9901 and 0.3896, and the training accuracy and validation accuracy values 

in experiment 4 are 0.9918 and 0.4444. This shows in epoch 85 that experiment 4 

is better than experiment 3, especially in validation accuracy. In experiment 3, the 

train accuracy and validation accuracy values at epoch 100 are 0.9967 and 0.3247, 

whereas in experiment 4, the training accuracy and validation accuracy values are 

0.9893 and 0.4183. This shows in epoch 85, the performance of experiment 4 is 

better than experiment 3 in validation accuracy. 

Figure 7(a) demonstrates the train and validation loss outcome over various 

epochs from experiments 3 and 4, while Fig. 7(b) shows the accuracy performance. 

  

Fig. 7. (a). train and validation loss comparison between experiments 3 and 4; 

(b). train and validation accuracy comparison between experiments 3 and 4. 

In experiment 3, original data from IARC resulted in a training loss of 1.5206 

and validation loss of 2.1481 after 25 epochs, while experiment 4, using augmented 

images, yielded lower values of 0.6007 and 2.3045 for the same epoch. However, 

by epoch 50, experiment 4 demonstrated superior performance with training loss 
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and validation loss values of 0.0701 and 3.2010, compared to experiment 3's 0.4140 

and 3.1502. At epoch 70, experiment 4 had a lower training loss (0.0601), while 

experiment 3 exhibited a better validation loss (0.1555). By epoch 85, experiment 

4 surpassed experiment 3 in training loss (0.0302), but experiment 3 performed 

better in validation loss (4.0716). Experiment 4 consistently outperformed 

Experiment 3 in validation loss by epoch 100. 

In terms of accuracy, experiment 3 achieved training accuracy and validation 

accuracy values of 0.4507 and 0.2338 after 25 epochs, while experiment 4 yielded 

higher values of 0.7877 and 0.3268. Experiment 4 continued to show better 

performance at epoch 50, with training accuracy and validation accuracy values of 

0.9844 and 0.4085, surpassing experiment 3's 0.8914 and 0.3247. This trend 

persisted at epochs 70, 85, and 100, particularly evident in validation accuracy, 

where experiment 4 consistently outperformed experiment 3. 

Figure 8 depicts the train loss and accuracy performance of experiments 3 and 

4. After 25 epochs, Experiment 3 reveals a train loss and accuracy of 1.5206 and 

0.4507, respectively, while Experiment 4 shows lower values of 0.6007 and 0.7877. 

According to these results, Experiment 4 outperformed Experiment 3. For an epoch 

of 50, Experiment 4 demonstrated better results of 0.0701 and 0.9844 for the train 

loss and accuracy, compared to Experiment 3 of 0.4140 and 0.8914, respectively. 

 

Fig. 8. Comparing the train accuracy and train loss in experiments 3 and 4. 

Experiment 4 had consistent performance compared to Experiment 3 at epoch 

70, with a train loss and accuracy of 0.0601 and 0.9844, while Experiment 3 showed 

values of 0.1555 and 0.9441. Similarly, at epoch 85, Experiment 4 demonstrated 

superiority with a train loss of 0.0302 and accuracy of 0.9918, surpassing 

Experiment 3. By epoch 100, Experiment 3 exhibited better performance with a 

train loss and accuracy of 0.0163 and 0.9967, compared to Experiment 4's 0.0312 

and 0.9893. 

(iii) A comparison between experiment 1 and experiment 2 of the test stage 

Table 7 shows the evaluation metrics of the classification performance for 

experiments 1 and 2; these measurements involve the fine-tuned CNN's accuracy, 

specificity, and sensitivity when compared to various epochs. 
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Table 7. Performance metrics comparison between experiments 1 and 2. 

Performance of the results Epoch-100 Epoch-250 Epoch-500 Epoch-700 

Accuracy-Ex 1 0.523596 0.557303 0.557303 0.539326 

Accuracy-Ex 2 0.533333 0.515556 0.570787 0.539326 

Specificity-Ex 1 0.328829 0.441441 0.414414 0.409910 

Specificity-Ex 2 0.805195 0.766234 0.405405 0.409910 

Sensitivity-Ex 1 0.426014 0.467724 0.487382 0.453231 

Sensitivity-Ex 2 0.525649 0.511506 0.485254 0.453231 

The accuracy performance of the model in experiments 1 and 2 over various 

epochs is demonstrated in Fig. 9(a). As Fig. 9(a) displays, experiment 1's accuracy 

value, where how many images have been identified for each class varies, is 

approximately 0.524 with 100 epochs; experiment 2's accuracy value, which employs 

the same number of images in every class, is 0.533 after 100 epochs. This shows a 

slight improvement in accuracy performance in experiment 2.  

In addition, the accuracy value in Epoch 250 in Experiment 1 is around 0.557, 

while in Experiment 2, the accuracy value after 250 epochs is 0.515. This shows an 

improvement in accuracy performance in experiment 1. At epoch 500, the accuracy 

score in experiment 1 is 0.557, and the accuracy value in experiment 2 is 0.570, this 

displayed progress in accuracy performance in experiment 2. The accuracy value in 

epoch 700 for experiment 1 and experiment 2 is 0.539. This demonstrates that 

accuracy performance is the same for both experiments. 

Figure 9(b) illustrates specificity performance in experiments 1 and 2 across 

different epochs. Experiment 1, with varying quantities of images for each class, 

achieved a specificity value of approximately 0.328 after 100 epochs, while 

experiment 2, utilizing an equal number of images for each class, attained a 

specificity value of 0.805. This indicates a notable improvement in specificity 

performance in experiment 2. Similarly, at epoch 250, experiment 2 outperformed 

experiment 1 with specificity values of 0.766 and 0.441, respectively, 

demonstrating enhanced accuracy performance. However, at epoch 500, 

experiment 1 showed a minor improvement with a specificity value of 0.441 

compared to experiment 2's 0.405. Both experiments exhibited a specificity value 

of 0.409 at epoch 700, indicating comparable performance. 

 
Fig. 9. (a). accuracy performance analysis between experiments 1 and 2;  

(b). specificity performance comparison between experiments 1 and 2. 

(a) (b) 
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Figure 10 shows sensitivity performance in experiments 1 and 2 across epochs. 

At epoch 100, experiment 2, with equal image distribution, outperformed 

experiment 1, achieving a sensitivity value of 0.525 compared to 0.426. This trend 

continued at epoch 250, with experiment 2 maintaining a higher sensitivity (0.511) 

than experiment 1 (0.467). However, at epochs 500 and 700, both experiments 

exhibited similar sensitivity values, around 0.487 and 0.485 at epoch 500 and 0.453 

at epoch 700, indicating convergence in performance at later stages. 

 

Fig. 10. Sensitivity performance comparison between experiments 1 and 2. 

(iv) An analysis of the test stage between experiments 3 and 4 

Information in Table 8 presents the evaluation characteristics of the classification 

performance for experiments 3 and 4. These metrics include the fine-tuned CNN's 

sensitivity, specificity, and accuracy when compared to various epochs. 

Table 8. Performance metrics comparison between experiments 3 and 4. 

Performance of the results Epoch-100 Epoch-250 Epoch-500 Epoch-700 

Accuracy Ex 3 0.2743 0.3048 0.3231 0.2500 

Accuracy Ex 4 0.3715 0.4296 0.4296 0.4220 

Specificity Ex 3 0.8275 0.8758 0.9172 0.7724 

Specificity Ex 4 0.8435 0.8830 0.9046 0.9334 

Sensitivity Ex 3 0.1674 0.2213 0.1802 0.2045 

Sensitivity Ex 4 0.3014 0.3764 0.3722 0.3745 

Figures 11(a) and (b) illustrate a comparison between the accuracy and 

specificity performance of experiments 3 and 4 over different epochs.  

In experiment 3, initial images from the IARC dataset were used, whereas in 

experiment 4, augmented images were used. In comparison, the accuracy and 

specificity slightly improved in experiment 4 over experiment 3. In both accuracy 

and specificity, experiment 4 generally shows improvement over experiment 3 

across various epochs. Specifically, in accuracy, experiment 4 performs better than 

experiment 3 at 25, 50, 70, and 100 epochs. Similarly, in specificity, experiment 4 

outperforms experiment 3 at 25, 50, 70, and 100 epochs. Additionally, sensitivity 

in experiment 4 surpasses that of experiment 3 at 25 and 50 epochs, indicating 

overall better performance in experiment 4 due to the use of augmented images. 
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Figure 11(a) displays accuracy performance across epochs for experiments 3 

and 4. Experiment 4, utilizing augmented images, shows improved accuracy 

compared to experiment 3. Specifically, at 25 epochs, experiment 4 achieves an 

accuracy of 0.3715, surpassing experiment 3's 0.2743. This trend continues across 

epochs, with experiment 4 consistently outperforming experiment 3 in accuracy. 

Similarly, Figu. 11(b) illustrates the specificity performance for experiments 3 

and 4. Experiment 4, benefiting from augmented images, demonstrates enhanced 

specificity compared to experiment 3. For instance, at 25 epochs, experiment 4 

achieves a specificity of 0.8435, while experiment 3 achieves 0.8275. This 

improvement persists across epochs, highlighting experiment 4's superior 

specificity performance. 

As the line chart shows in Fig. 12, experiment 3 exhibits varying quantities of 

selected photos for different classes within the original IARC dataset, with a sensitivity 

value of approximately 0.1674 after 25 epochs. In contrast, experiment 4 utilizes an 

augmented number of images from the dataset, resulting in a sensitivity value of 0.3014 

at the same epoch. At epoch 50, experiment 3 shows a sensitivity value of 0.2213, while 

experiment 4 achieves 0.3764. By epoch 70, experiment 3 has a sensitivity value of 

0.1802, while experiment 4 reaches 0.3722. At epoch 85, experiment 3 and experiment 

4 display sensitivity values of 0.2045 and 0.3745, respectively. Similarly, at epoch 100, 

experiment 3 and experiment 4 exhibit sensitivity values of 0.2849 and 0.3660, 

indicating improved sensitivity performance in experiment 4. 

 
Fig. 11. (a). accuracy performance comparison between experiments 3 and 4; 

(b). specificity performance comparison between experiments 3 and 4. 

 

Fig. 12. Sensitivity performance comparison between experiments 3 and 4. 

(a) (b) 
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5.  Conclusion 

Comparison analysis of the results shows that in experiment 3 and experiment 4, 

increasing the number of classes causes an increase in the performance of training 

but decreases the performance of the test part of the proposed model. The 

comparison results show experiment 2 in epochs 250 and 700 has better 

performance in the training part compared to experiment 1. And in epoch 100 has 

better performance in specificity and sensitivity. According to the confusion matrix 

results, we have better performance for type 2 in different epochs. The comparison 

results show experiment 4 has better performance in the training part compared to 

experiment 3. According to the result, the detection accuracy can be impacted by 

adding more classes, which also has a detrimental effect on performance.  

This paper is subject to certain limitations that can be addressed by future 

researchers. Firstly, as the quantity of original colposcopy pictures that are accessible 

per class in the IARC dataset is project-restricted, gathering additional original 

colposcopy photos can enhance the training procedure and boost the effectiveness of 

the proposed model. Secondly, as there’s a decrease in performance on the test set 

when the number of classes is increased, this could be due to overfitting, where the 

model learns to memorize the training data rather than generalize to unseen data. In 

future research, efforts could be made to collect a more extensive and diverse dataset 

to improve the model's performance and explore techniques such as regularization, 

or using more advanced architectures that are less prone to overfitting. 
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