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 The prevalence of endometriosis is underestimated because of the 

need for laparoscopy an invasive diagnostic method, which is 

considered the gold standard. Advanced stages of endometriosis may 

lead to endometrial cancer, infertility, psychological depression, 

leading to further complications. Endometriosis has multiple 

appearances; the lesions may be confused with other non-

endometriotic lesions or endometriotic lesions that are non-

endometriotic by appearance, or deep infiltrating ones may be missed 

on visual diagnosis. Therefore, this research aims to develop an 

endometriosis prediction by utilizing four different deep and transfer 

learning architecture including CNN, RestNet101V2, MobileNet, and 

VGG16 The proposed model employs Pelican Optimization 

Algorithm (POA) to extract predominant features for CNN, 

ResNet101V2, MobileNet, and VGG16 endometriosis classification. 

Image Dataset was obtained from Gynecologic Laparoscopy 

Endometriosis (GLENDA) repository containing 25,683 sample 

laparoscopic images of both pathological and non-pathological 

identified endometriosis regions. The experimental analysis revealed 

that POA_ResNet101V2, POA_MobileNet, and POA_VGG16 

perform significantly better than CNN during the classification of 

endometriosis (pathology and non-pathology). Betterstill, MobileNet 

achieved a general accuracy of 100%, precision 99.5%, Recall 99.5%, 

and F1-score of 100%. The model demonstrates the effectiveness of 

transfer learning, MobileNet better than other transfer Learning in the 

existing studies.  To address the diagnostic challenges of 

endometriosis, this study developed an optimized endometriosis 

prediction model with deep and transfer learning techniques, perform 

comparative analysis on the developed model and benchmark the 

results with existing ones. This model will assist health practitioners 

to early detect endometriosis and proffer appropriate solutions for 

patients. 
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1. INTRODUCTION 

Endometriosis is a common gynecological problem that occurs in women of aged 18 to 50 years. The 

lesion-like structure that underlines the uterus and other surrounding regions is referred to as 

endometriosis. The affected tissue is usually found on the ovaries, fallopian tubes, outer surface of the 

uterus and on organs within the pelvis region. It can cause pain, heavy bleeding during periods, 

discomfort and fertility problems. [1] stated that endometriosis is more common and more severe than it was 

30 years ago. Patients with endometriosis frequently experience infertility and chronic pelvic pain 

[9],[34],[35]. Infertility can affect up to 30% to 50% of endometriosis-affected women. Endometriosis 

can affect fertility in a number of ways, including by distorting the pelvic anatomy, adhesions, scarring 

the fallopian tubes, inflaming the pelvic structures, altering immune system function, changing the 

hormonal environment of the eggs, impairing pregnancy implantation, and altering egg quality [11]. 

This infertility frequently goes undiagnosed because of a delay in treatment, which adds a lot of stress 

to the situation. Chronic pelvic pain is also reported by more than 60% of endometriosis-diagnosed 

women; endometriosis patients are 13 times more likely to feel abdominal pain than healthy people 

[2],[3],[10].  

Endometriosis is a major issue, not just from a medical and social perspective but also from 

an economic one. Endometriosis treatment expenses in Europe range from €0.8 billion to €12.5 billion 

annually, depending on the nation, and are equivalent to those of other chronic diseases like diabetes. 

Endometriosis is also a serious social and financial burden in the US that directly and indirectly costs 

the country's economy $22 billion a year in lost productivity [4]. Endometriosis symptoms include the 

following: gradual aggravating acute premenstrual pain; abdominal pain; pain in the sacrum region of 

the spine; dysmenorrhea; painful ovulation; pain during sexual activity; pain when defecating 

and urinating; pain radiating to the back; excessive irregular menstruation; blood in the stool; 

gastrointestinal issues such as diarrhea or constipation; infertility; and persistent fatigue. Additionally, 

patients could experience unusual accompanying symptoms such as sub-febrile conditions, emotional 

effects, vomiting, headaches, and dizziness as well as signs of anxiety and depression, low blood sugar, 

bleeding from the rectal area, hematuria (Blood in urine) during periods, and allergy and infection 

sensitivity [3],[5]. 

The average time of diagnosis for women with endometriosis was estimated to be five (5) 

years from the symptoms onset. This delay in diagnosis can lead to a delay in treatment and can have 

a negative impact on the Quality of Life (QoL) of women with this condition [12][38]. Laparoscopy 

remains the widely used method to visualize suspicious lesions and confirm the diagnosis of 

endometriosis in patients [13]. Video-assisted laparoscopy (VALS) has been used for the detection 

and diagnosis of endometriosis [14].  It involves the insertion of a laparoscope, a thin tube with a 

camera and light, through a small incision in the abdomen. The camera provides a three-dimensional 

view of the pelvic organs, allowing the surgeon to identify and remove endometrial implants [15]. 

Through laparoscopic procedure, images can be viewed with more visual clarity i.e. both posterior and 

anterior position images can be viewed for locating the exact position of endometriosis [16][36]. But 

Interpretation of medical images such as CT and MRI requires extensive training and skills because 

the segmentation of organs and lesions needs to be performed layer by layer [17],[39],[40]. 

Artificial intelligence (AI) has been applied in medicine through risk assessment models, 

improving diagnostic accuracy, and workflow efficiency. AI systems are now capable of analyzing 

complex algorithms and self-learning, which has led to a new age in medicine where AI can be applied 

to clinical practice [6]. Machine learning technology provides a strong foundation in the medical 

industry, allowing for the effective diagnosis of healthcare concerns [7]. Machine learning techniques 

come in a variety of forms, including unsupervised, semi-supervised, supervised, reinforcement 

learning, evolutionary learning, and deep learning [8],[33]. 

Deep Learning has made significant advancements and tremendous performance in biological 

image classification, computer vision and cancer detection [18]. A key area of Machine Learning (ML) 

is Deep Learning (DL). DL models do have several benefits compared to conventional ML techniques 

for the classification of imagery, object identification and recognition [19],[37]. Convolutional Neural 

Networks (CNNs) are a type of deep learning neural network that is effective for image classification 

and recognition tasks [16]. 
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1.1 Contribution to Knowledge  

This study developed an optimized endometriosis prediction model for predicting if a patient is 

pathological and not pathological by utilizing four different deep and transfer learning architecture 

including CNN, RestNet101V2, MobileNet, and VGG16. After development an extensive 

comparative analysis is conducted to properly evaluate the performance of the developed prediction 

model.  A comprehensive study is conducted to benchmark the developed model with existing baseline 

literatures to ascertain the research gaps and efficiency of the developed model.  

Section 1 gives the introduction of the study. Section 2 reviewed several baseline Literatures.  

Section 3 explores the methodology of the study. Section 4 gives details of the  Results and 

Discussions, Comparative Analysis while the  Conclusion and further recommendations are provided 

in Section 5. 
 

2. LITERATURE REVIEW  

 Sankaravadivel and Thalavipillai in 2021 [20] employed chi-square and correlation coefficients 

statistical methods to identify symptoms correlated with various endometriosis if the derived value is 

greater than 1. The algorithm had an accuracy of 90%, sensitivity 95%, specificity 78.12% and 

precision 90%. A self-diagnostic tool that predicts the likelihood of endometriosis based on 

experienced symptoms was developed by Goldstein and Cohen in 2023 [21].  Goldstein and Cohen 

[21] applied Decision Trees algorithm, Random Forest algorithm, Gradient Boosting Classifier (GBC) 

and Adaptive Boosting (AdaBoost) algorithm to train multiple endometriosis prediction models. the 

results showed that AdaBoost model obtained the best results with a sensitivity value of 0.939, 

specificity value of 0.934, precision value of 0.944 and F1-score of 0.941. 

Visalaxi and Sudalai in 2021 [16] proposed a method for automated prediction of 

endometriosis using deep learning methods. An overall of 6000 laparoscopic data comprising of 

pathological and non-pathological images were taken as input. The study used Convolutional Neural 

Networks (CNNs) for image classification and ResNet50 architecture for transfer learning. The model 

achieved a training accuracy of 91%, validation accuracy of 90%, precision of 83%, specificity(recall) 

of 82% and Area Under Curve (AUC) of about 0.78 [16]. Balica in 2023 [22] used deep learning 

method to classify endometriosis from ultrasound data. The authors designed and trained five different 

convolutional neural network (CNN) architectures: Xception, Inception-V4, ResNet50, DenseNet and 

EfficientNetB2. The Densenet CNN algorithm successfully detected the presence of endometriosis on 

ultrasound with an AUC of 90% and an accuracy of 80% using heterogeneous patterns of 

endometriosis 

Zhang in 2021 [22] study developed the first CNN-based Computer-Aided Diagnosis (CAD) 

System for classifying endometrial lesions using hysteroscopic images as input. The CNN model 

VGGNet-16 achieved an accuracy of 80.8% in classifying endometrial lesions, which the authors 

reported was slightly better than the diagnostic performance of the three gynecologists who 

participated in study. Hu in 2023[25], developed a deep learning model based on ultrasound (US) 

images to distinguish between tubal-ovarian abscess (TOA) and ovarian endometriosis cyst (OEC). 

Three CNN models, ResNet-152, DenseNet-161, and EfficientNet-B7, were used to differentiate TOA 

from OEC, and their performance was compared with three Ultra-sound physicians and a clinical 

indicator of carbohydrate antigen 125 (CA125). The models were trained on a dataset of 202 patients 

who underwent US scanning and confirmed TOA or OEC by pathology. Among the three CNN 

models, the performance of ResNet-152 was the highest, with Area Under the ROC Curve (AUROC) 

of 0.986. The AUROCs of the three physicians were 0.781, 0.738, and 0.683, respectively. The clinical 

indicator CA125 achieved only 0.564.        

 A method for automatic segmentation of the exact location of endometriosis using deep 

learning technique was proposed by Visalaxi in 2022 [23]. The proposed method known as Structural 

Similarity Analysis of Endometriosis (SSAE), identifies affected regions using U-Net architecture and 

a systematic sampling procedure. The SSAE implements the U-Net architecture for segmenting 

endometriosis based on the region of occurrence. The performance of semantic segmentation was 
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validated using Intersection Over Union (IOU) and F1 score. The IOU value obtained was 0.72 and 

the F1 score was 0.74 for the trained datasets. 
The remarkable versatility of  machine  vision manifests  across  industries fueling an array of applications that 

elevate various domains. The healthcare realm  has witnessed a transformation where machine vision evolved 

from a mere tool to an indispensable cornerstone in medical image analysis [27]. Deep Convolutional Networks 

have been very useful in machine vision tasks. These network are superior as a result of their ability to generate 

robust and valuable semantic features from their input data [28]. In this paper the main focus of the deep network 

is to classify the GLENDA datasets into pathology and nonpathology categories.  

ResNet50v2 [28], VGG [32], Xception [30], Inception [30] and DenseNet [31] are the widely used deep 

convolutional networks. ResNet50v2 is a modified version of ResNet50 and out performs ResNet50 and ResNet 

101 on the imageNet dataset [28]. ResNet50v2s madeup of 50 layers. Its architecture is b  uilt upon the concept 

of residual learning.Resnet50v2 introduces pre-activaton residual units. Batch normalzaton and ReLU activation 

are applied before each convolutional layer and this helps reduce the problem of degradation often encountered 

n very deep networks there by improving training convergence. Resnet50v2 employs bottlenec blocs consisting 

of a 1x1 convolutional layer, 3x3 convolutional layer and another 1x1 convolutional layer. The shortcut 

connections n Resnet50v2 allows gradient problem to directly flow through the network hence, reducing the 

vanishing gradient problem which allows for very deep networks to be trained. 

 

3. METHODOLOGY  

This section introduces the conceptual framework and various deep learning model algorithm considered for 

building the endometriosis classification model. 

 

3.1 System Design 

The proposed system begins with the image loading to prediction output.  Firstly, endometriosis image samples 

are loaded along with the trained prediction model. The image is then analyzed by the prediction model. The 

outcome of the analysis is a probability distribution of positive or negative outcomes.  

 

3.1.1     System Architecture  

 

Fig.1: Conceptual design of the proposed endometriosis prediction  model 

 
Fig.1 depicts the conceptual design of the proposed endometriosis prediction  model. Endometriosis dataset is 

downloaded from GLENDA ITEC  repository and the image samples are loaded to the development kits. Data 

Analysis was conducted to process and vizualize the image samples by synchronizing all the image size, 

executing scaling operation to reduce the computation cost and improve model training performance.  Hold Out 
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Cross validation of  image data splitting into training sample (80%) and testing samples (20%) was employed to 

train these deep learning architecture: ResNet101V2, VGG16, MobileNet and CNN.  

 

3.1.2. Dataset 

The data used in this study was Laparoscopic images and annotated images of endometriosis obtained from the 

standardized Gynecologic Laparoscopy Endometriosis Dataset (GLENDA) v1.5 datasets [24]. The images were 

obtained from a video stream of Laparoscopic surgery procedure. The downloaded dataset contains 25,683 

sample laparoscopic images of both pathological and non-pathological identified endometriosis regions. The 

data size of the endometriosis dataset is distributed as patient with pathology are of 12,244 sample images and 

13,438 samples. Fig.2(a) and Fig.2(b) shows one of the images from the endometriosis Pathology class using 

Pillow Python library. 

 

            
Fig. 2(a): Endometriosis (Non-Pathology)               Fig. 2(b): Endometriosis (Pathology)  

 

3.1.3 Preprocessing  

 

The images used for training were resized to image input size of 224-by-224. The pixel values was resized  using 

rescale value of 1./255 to a common range between 0-1 to enhance the model training.To prevent over fitting as 

a result of our limited datasets, data augmentation was used to generate more training data from existing training 

samples, by augmenting the samples via a number of random transformations that produces images with similar 

properties to the existing images.This exposes the model to more aspects of the data and generalize better. A 

pre-trained convolutional neural network ResNet50v2 and it's origin (imageNet) was used for feature extraction. 

ResNet50V2(include_top=False) was used  to exclude the final classification layers, focusing on extracting 

features from the intermediate layers. Because these layers capture valuable image representations learned from 

the large ImageNet dataset. The model was implemented using Keras in google colab pro environment. Model 

was trained in Google colab pro environment with high utilising GPU of 15 GB and a virtual RAM 13GB and 

78GB of virtual disk space. 

 

3.2 Endometriosis Models (CNN, VGG16, MobileNet, ResNet) 

 

In this study, Endometriosis model was developed with one (1) DL based architecture CNN, and four (4) transfer 

learning CNN, VGG16, MobileNet, ResNet. CNN is a deep neural network to train the endometriosis 

classification model and, RestNet101V2, VGG16, and MobileNetV2 are the transfer learning architecture 

employed. This developed Endometriosis model was evaluated with accuracy, precision and recall performance 

metrics.Also, the model was bemchmarked with other existing models.comparative analysis.  To get a good 

performance of the model Pelican Optimizer was used to extract the features with greatest importance. Table 1 

presents the Optimized Endometriosis Classification model with Pelican Optimize. 

 

 

 

 

 

 

 

Table 1:  Optimized Endometriosis Classification model with Pelican Optimizer 
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INPUT: endometriosis_img 

OUTPUT: Result ← ComparePerformance(Endometriosis_model, Accuracy, Precision, Recall). 

 

1. START 

2. INPUT: endometriosis_img ← Load from Kaggle(). 

3. Img_numpy_list = Load(endometriosis_img). 

4. FOR each img in Img_numpy_list: 

        resize_img = Img.resize(45, 80). 

5. RETURN resize_img. 

6. END FOR. 

7. scaled_img = resize_img / 255. 

8. train_img, test_img ← splitter_function(scaled_img, 80%, 20%). 

9. Define models: {CNN, VGG16, MobileNet, ResNet}. 

Initialize Pelican Optimization Algorithm: 

10. Define hyperparameters search space: 

11. Learning rate: [10−5,10−210^{-5}, 10^{-2}10−5,10−2] 

12. Batch size: [16, 128] 

13. Filters: [32, 256] 

14. Dense units: [32, 256] 

Initialize pelican population and objective function: 

15. Objective function = Accuracy (to maximize accuracy). 

16. FOR each model in models: 

       Optimize model hyperparameters using POA: 

optimized_params = POA.run(). 

Configure model with optimized_params. 

Endometriosis_model = Train(model, train_img, optimized_params). 

Accuracy, Precision, Recall ← Evaluate(Endometriosis_model, test_img). 

       RETURN Endometriosis_model, Accuracy, Precision, Recall. 

17. END FOR. 

18. Result ← ComparePerformance(Endometriosis_model, Accuracy, Precision, Recall). 

19. PRINT Result. 

20. STOP 

 

3.3 Pelican Optimization Algorithm (POA) 

Firstly, it’s essential to clone the Pelican Optimization Algorithm from the online Git repository. Then with the 

help of the PIP command, the Optimization Algorithm will be preinstalled within the Python Module.  The 

Objective function for training the optimized deep learning model, and the Pelican Optimizer passing the 

objective function and search space configuration as parameter is defined. The search space denotes possible 

parameter combination set for the Optimizer selected for enhancing the performance of the endometriosis model 

classification. The parameter includes filters, dense unites, learning rates, and batch size. 

 

3.4  Data Distribution 

The exploration data analysis was conducted to observe the  key features such as sample size of the data, the 

shape of the images, and visualizing images from each class, among other tasks. Furthermore, to graphically 

visualize the sample sizes for further exploration a bar chat is utilized for this exploration as shown in Fig 3. It 

shows the actual data sample of non-pathology samples of the endometriosis dataset. 
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Fig. 3: Image Data Sample size Distribution 

 

Fig.4 and Fig. 5 shows that the image samples of Pathology and No--pathplogy which depicts that Non-pathology 

sample is more compared to the Pathology image sample size, this minority difference will result into a model 

with minor or no biased prediction. A detailed basic image view in photo format will be used to explore the 

images from the different (pathology and non-pathology) class of the endometriosis dataset.  

 

 
Fig. 4:  Endometriosis (Pathology Sample Data) 

 

Three image samples from Pathology classes are visualize in Fig.4. A similar pattern is visually observed by the 

naked eyes. Also, Fig.5 shows the three sample images from the No-pathology class.  

 

 
 

Fig. 5:  Endometriosis (No-Pathology Sample Data) 

 

Based on the Fig.5 the Non-Pathology samples are also similar in patterns that are visible to the human eyes. 

However, this pattern is automatically extracted by the deep learning model considered for training 

 

 

4. RESULT/DISCUSSION  
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4.1. Endometriosis CNN Training  

CNN Architecture is Sequential, with various keras layer such as the Input layer, Convolution 2-dimensional 

layer, a max-pooling layer, flatten layer and dense layer. The input layer accepts image shape of (45, 80, 3), 

which is specified using the shape= (45,80,3) parameter within the input layer of the sequential model.  Next is 

the CNN layer consisting of two layers of convolution layer and max-pooling layer, the convolution layer helps 

in feature extraction using series of filter specified as filters=32 parameter within the Conv2D layers.  The max-

pooling layers are included for dimensionality reductions immediately after the convolution operation on the 

inputted images.  

Finally, the flatten layer and the Dense layer. Flatten layer is included in other to have a lower 

dimensional representation of the image extracted feature before passing them to the fully connected dense layer 

of 128 neurons and relu as the activation function. The last Dense layer denotes the output layer with a single 

neuron and sigmoid as the activation function. The last layer outputs a probability score of the image sample 

been pathology or non-pathology.  The compilation parameter such as the loss metric set to binary_cross-entropy 

due to the binary classification problem, optimization parameter set to parameter, and lastly the accuracy 

evaluation metric is also specified.  Table 2 shows the proposed CNN architecture summary. 

 

Table 2:   CNN Architecture Summary 

 

 
 

4.2 Endometriosis Resnet101v2 Training 

Resnet101v2 is a transfer learning-based architecture with very deep layers in its architectural definition. With 

the weight parameter, the pre-trained weight of ImageNet can be downloaded from their online repository, and 

the classification head can be removed by setting the RestNet include top parameter to False. Part of the Layer 

summary is shown in Table 3. 

 Table 3 shows the ResNet101V2 Architecture layout configuration without the classification head  

specified using include_top=False in the ResNet101V2 parameter. The ImageNet pre-trained weight is 

considered and loaded into the architecture using the weight parameter been set to imageNet. This pre-trained 

ResNet weight is stored in a single variable called resnet_weight which will serve as a functional layer in the 

Endometriosis Transfer Learning Architecture.  The input layer of the ResNet101V2 architecture is define using 

keras module, then the output of the input layer is passed as functional parameter t “o the resnet layer.  

 However, the ResNet layers are freezed (the weights are not updated during training), and the output 

are forwarded to the Dense layer. The First layer is a gl obal max pooling layer to convert the 3 dimensional data 

into a 2 dimensional output for the fully connected Dense layer. However, two dense layer are considered with 

1,024 and 256 neurons and relu activation function. The last Dense layer denote the output layer with single 

neuron and sigmoid as the activation function. The last layer output a probability score of the image sample been 

pathology  

or non-pathology. The compilation parameter such as the loss metric set to binary_crossentropy due to the binary 

classification problem, optimization parameter set to parameter, and lastly the accuracy evaluation metric is also 

specified.  Table 4 shows the summary of the proposed Endometriosis RestNet101V2 based architecture. 
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Table 3:   ResNet101V2 Pre-Trained Architecture Model 

 
 

Table 4: Endometriosis ResNet101V2 Pre-Trained Architecture Summary 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
4.3 Endometriosis Mobilenet training 

MobileNet is a transfer learning based architecture with very deep layers in is architectural definition. With the 

weight parameter, the pre-trained weight of Imagenet can be downloaded from their online repository and the 
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classification head can be removed by setting the MobileNet include_top parameter to False. Part of the Layer 

summary is shown in Table 5. 

 
Table 5. MobileNet Pre-Trained Architecture  

 
 
Table 5. shows the MobileNet Architecture layout configuration without the classification head specified using 

include_top=False in the MobileNet parameter. The ImageNet pre-trained weight is considered and loaded into 

the architecture using the weight parameter been set to imagenet. This pre-trained MobileNet weight is stored in 

a single variable called mobilenet_weight which will serve as a functional layer in the proposed Endometriosis 

Transfer Learning Architecture.  The input layer is defined using Keras module, then the output of the input 

layer is passed as functional parameter to the mobilenet layer. However, the MobileNet layers are freeze (the 

weights are not updated during training), and the output are forwarded to the Dense layer.  

The First layer is a global max pooling layer utilize for converting the 3 dimensional data into a 2 

dimensional output for the fully connected Dense layer. However, two dense layer are considered with 1,024 

and 256 neurons and relu activation function.  The last Dense layer denote the output layer with single neuron, 

and sigmoid as the activation function. The last layer output a probability score of the image sample being  

pathology or non-pathology. The compilation parameter such as the loss metric is set to binary_crossentropy 

due to the binary classification problem, optimization parameter, and lastly the accuracy evaluation metric is 

also specified.  Table 6 shows the summary of the proposed Endometriosis MobileNet based architecture 

summary.  

 

 

 

 

 

 

 

 

Table 6: MobileNet Endometriosis Pre-Trained Architecture Summary 
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4.4 Endometriosis VGG16 training 

VGG16 is a transfer learning-based architecture with very deep layers in is architectural definition. With the 

weight parameter the pre-trained weight of Imagenet can be downloaded from their online repository and the 

classification head can be removed by setting the VGG16 include_top parameter to False. Part of the Layer 

summary is shown in Table 7 

Table 7 shows the VGG16 Architecture layout configuration without the classification head as specify 

using include_top=False in the VGG16 parameter. The ImageNet pre-trained weight is considered and loaded 

into the architecture using the weight parameter been set to imagenet. This pre-trained VGG16 weight is stored 

in a single variable called vgg16_weight which will serve as a functional layer in the proposed VGG16 

Endometriosis Transfer Learning Architecture. The input layer is defined using Keras module, and the output of 

the input layer is passed as functional parameter to the vgg16 layer. However, the VGG16 layers are freeze (the 

weights are not updated during training), and the output are forwarded to the Dense layer.  

The First layer is a global max pooling layer utilize for converting the 3 dimensional data into a 2 

dimensional output for the fully connected Dense layer. However, two dense layer are considered with 1,024 

and 256 neurons and relu activation function.  Lastly, the last Dense layer denote the output layer with single 

neuron, and sigmoid as the activation function. The last layer output a probability score of the image sample 

been pathology or non-pathology. 

 

Table 7: VGG16 Pre-Trained Architecture  
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Table 8: further revealed the compilation parameters such as the loss metric set to binary_crossentropy due to 

the binary classification problem, optimization parameter set to parameter, and lastly the accuracy evaluation 

metric is also specified.  Table 8 shows the summary of the proposed Endometriosis VGG16-based architecture 

summary. 

 

Table 8: Endometriosis VGG16 Pre-Trained Architecture Summary 

 
 
4.5 Findings of Research 

 

 

  
Fig. 6(a): CNN Training & Validation Accuracy                Fig. 6(b): CNN Training & Validation Loss 

 

Fig.6(a) and (b) shows the training and validation curve of the CNN model Accuracy and loss performance 

during training and validation. Based on the curve the training progressively improved across the epochs, while 

validation diminished right from the 2nd iteration. The pattern is also observed from the loss metric.  Furthermore, 

to collectively visualize the CNN performance the Classification report and confusion Matrix is visualize in 

Fig.7. 
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Fig. 7: CNN Classification Report and Confusion Matrix 

 

CNN achieved a general accuracy of 97% for the detection of endometriosis as shown Fig.7:, thus the 

classification of pathology and non-pathology image sample. However, the precision score of 97.5%, Recall 

score of 97.5%, and F1-score of 97% is achieved using CNN architecture. The confusion matrix is also displayed 

in Fig.7: in other to achieve correct prediction and false prediction rate. Based on the confusion matrix, the model 

correctly classifies the pathology class 2,641 times and 132 time it miss-classifies, while 2,360 times, the model 

correctly classifies the no_pathology class, and miss-classified it 4 times.  

 
4.6 ResNet101V2 performance evaluation  

 

 
Fig. 8(a): ResNet101V2 Training & Validation Accuracy  Fig. 8(b): ResNet101V2 Training & Validation Loss                      

 
Fig.8(a) and Fig.8(b)  shows the training and validation curve of the ResNet101V2 model accuracy and loss 

performance during training and validation. Based on the curve there is high level of irregularity (zigzag pattern) 

observed on the validation data but very minimal in training data, and a little diminish in accuracy and loss. This 

same pattern is also observed from the loss metric.  Furthermore, to collectively visualize the ResNet101V2 

performance the Classification report and confusion Matrix is visualized in Fig. 9. 

 



328  Abisoye et al.  NJESTI (2026)         6:3  

 

  

 
Fig. 9: ResNet101V2 Classification Report and Confusion Matrix 

 

4.7 MobileNet performance evaluation  

 

 
Fig. 10(a): MobileNet Training & Validation Accuracy         Fig.10 (b): MobileNet Training & Validation Loss 

 

Fig.10(a) and Fig.10(b): shows the training and validation curve of the MobileNet model Accuracy and loss 

performance during training and validation. Based on the curve the training progressively improved across the 

epochs, while validation diminished has rough training pattern across each epoch. The pattern is also observed 

from the loss metric.  Furthermore, to collectively visualize the MobileNet performance the Classification report 

and confusion Matrix is shown in  Fig.11. 
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Fig. 11: MobileNet Classification Report  Confusion Matrix 

 
MobileNet achieved a general accuracy of 100% for the detection of endometriosis, as shown in Fig.11, thus the 

classification of pathology and non-pathology image sample. However, the precision score of 99.0%, the recall 

score of 99.0%, and F1-score of 100% is achieved using MobileNet architecture. Lastly, the confusion matrix 

for MobileNet obtain correct prediction and false prediction rate. Based on the confusion matrix, 2,645 are 

classified correctly as pathology case and 21 is miss-classified, while 2,471 are correctly classified as no 

pathology cases, and 0 are miss-classified. The VGG16 Classification Report & Confusion Matrix is shown in 

Fig. 12. 

 

 
Fig. 12: VGG16 Classification Report & Confusion Matrix  
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To collectively visualize the VGG16 performance the Classification report and confusion Matrix is shown in 

Fig.12. VGG16 achieved a general accuracy of 100% for the detection of endometriosis as shown in Fig.12, thus 

the classification of pathology and non-pathology image sample. However, the precision score of 96.0%, Recall 

score of 96.0%, and F1-score of 98% is achieved using VGG16 architecture. Lastly, the confusion matrix for 

VGG16 obtain correct prediction and false prediction rate. Based on the confusion matrix, 2,645  are correctly 

classified as pathology cases and ninety six (96) are miss-classified, while 2,396 are correctly classified 

asno_pathology class, and miss-classified is zero (0). The training and validation curve of the VGG16 model is 

shown in Fig. 13(a) anf Fig. 13(b). 

 

  
Fig. 13(a): VGG16 Training & Validation Accuracy   Fig.13 (b): VGG16 Training & Validation Loss 

 

Fig.13(a) and Fig 13(b): show the training and validation curve of the VGG16 model accuracy and loss 

performance during training and validation. Based on the curve shown, the training progressively improved 

across the epochs, while validation diminished as rough training pattern across each epoch. The pattern is also 

observed from the loss metric. 

 
4.7 Endometriosis & POA Classification Report 

The CNN & POA confusion matrix is shown in Fig. 14, while ResNet101V2 & POA is shown in Fig. 15 as 

VGG16 & POA is shown Fig.16, and MobileNet & POA is also shown in Fig. 17. 

 

 

    
Fig. 14: CNN & POA                                              Fig. 15: ResNet101V2 & POA 
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Fig. 16: VGG16 & POA                                           Fig. 17: MobileNet & POA 

 
Fig.14, Fig.15, Fig.16 and Fig.17 show the confusion matrix and classification report of the Optimized CNN, 

VGG16, ResNet101V2 and MobileNet. The results  shows that the model obtains an accuracy of 98%, 98%, 

99%, and 97% respectively. 

 

4.9 Comparative Analysis 

This section introduces the comparative analysis between the proposed CNN, RestNet101V2, MobileNet, and 

VGG16 and the Pelican based Optimized version of the classification model. Finally, the proposed models will 

be compared with existing work on the same endometriosis classification. 

 

Table 9: Model Performance Comparison 

S/N Model Accuracy Precision Recall F1-Score 

1 CNN 97% 100% 95% 97% 

   95% 100% 97% 

2 ResNet101V2 98% 99% 97% 98% 

   97% 99% 98% 

3 MobileNet 100% 100% 99% 100% 

   99% 100% 100% 

4 VGG16 98% 100% 96% 98% 

   96% 100% 98% 

5 CNN + POA 98% 99% 98% 98% 

   98% 99% 98% 

6 ResNet101V2 + POA 99% 99% 98% 98% 

   98% 99% 98% 

7 MobileNet + POA 97% 100% 97% 98% 

   97% 100% 98% 

8 VGG16 + POA 98% 100% 97% 98% 

   97% 100% 98% 
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Table 9 shows the comparative results between the proposed model, including the CNN, ResNet, MobileNet, 

and VGG16. Based on the Table 9 MobileNet attained the highest accuracy of 100% without the integration of 

POA, thus an overfitted model, while the Convolutional Neural Network with MobilNet+POA attained the 

lowest accuracy of 97%. Each performance for individual models and classes based on Precision, Recall, and 

F1-score is also summarized in the table. The Table 9 result is shown in  Fig.18, Fig.19 and Fig. 20. 

 

    
Fig. 18: Model Performance Results                          Fig. 19: Model Performance with Pelican Optimizer  

 

 
Fig. 20: Model Accuracy (Benchmark Model & Optimized Model) 

 

Fig. 20: show the Optimizer address overfitting issue identified in the existing benchmark model. however, on 

an average threshold the Pelican Optimized Model performance efficiently that the benchmarked model (model 

with no optimized parameter tuning).  The Optimized Model & Existing Model Comparison is presented in 

Table 10. 
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Table 10: Optimized Model & Existing Model Comparison 

S/N Author Dataset Data 

Sample 

Size 

Model Accuracy 

1 Proposed, 2024 GLENDA_V1.0 

(80%, 20%) 

25,682 CNN 98% 

2 Proposed, 2024 GLENDA_V1.0 

(80%, 20%) 

25,682 ResNet101V2 99% 

3 Proposed, 2024 GLENDA_V1.0 

(80%, 20%) 

25,682 MobileNet 97% 

4 Proposed, 2024 GLENDA_V1.0 

(80%, 20%) 

25,682 VGG16 98% 

5 (Visalaxi & 

Muthu, 2021b) 

GLENDA (60%, 

40%) 

6,000 VGG16 80% 

6 (Visalaxi & 

Muthu, 2021b) 

GLENDA (60%, 

40%) 

6,000 ResNet50 91% 

7 (Visalaxi & 

Muthu, 2021b) 

GLENDA (60%, 

40%) 

6,000 Inception 

ResNetV2 

88% 

 

Table 10 shows a result comparison between the proposed optimized POA model and the work of  Visalaxi & 

Muthu, (2021). The accuracy performance, the different dataset utilizes, and the training/testing size are all 

summarize in table 4.2. This study utilizes 80% for training and 20% for validation, while the existing study 

considered 60% for training and 40% endometriosis sample for testing. However, considering the data sample 

size utilized by the existing study (6,000), is smaller compared to that of the image sample size utilized in this 

study (25,682). This difference in sample size contributed to the performance increase in the proposed 

architectures. Fig.20 shows a graphical visual of Table 10. 

 

 
Fig. 20: Proposed Optimized Model & Existing Model Comparison 

 

The accuracy difference, training size, and testing data size of the existing and proposed Optimized deep learning 

model are shown in Fig.20. Hence, the comparative study shows that the proposed POA model performs more 

efficiently than the existing study, taking advantage of larger dataset sample sizes.  

 

4.10 Discussion 

The research work primary focus on the development of endometriosis classification model using deep learning 

and transfer learning based techniques. Based on the extensive review conducted, limited attention has been to 

the enhancement and development of endometriosis classification models. However, other studies suffer from 

poor performance due to limited dataset samples for training. Hence, this study aims to develop an endometriosis 

prediction model for predicting if a patient is pathological or not pathological by utilizing four different 

deep/transfer learning architectures, including CNN, RestNet101V2, MobileNet, and VGG16. After 

development an extensive comparative analysis is conducted to properly evaluate the performance of the 
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developed prediction model.  A comprehensive study is conducted to re-view similar work within the same 

research domain, in other to identify recent research gaps or novel techniques utilized and suggested by 

developer for enhancing model development. Furthermore, the research methodological approach is introduced 

after the comprehensive review, and various conceptual illustrations are designed using Microsoft Visio. The 

Conceptual design framework which reveals the entire idea about the system, flowchart diagram, and use case 

diagram for denoting the use case instance. The development take place within the Kaggle jupyter notebook 

environment for easy access to remote processing resources such as GPU and TPU. After development, a proper 

performance evaluation is performed using performance metrics such as accuracy, precision, f1-score and Recall.  

In conclusion the performance of the proposed system outperformed the existing work and benchmark CNN 

approach. 

 

5. CONCLUSION  

 
An extensive study was conducted on the utilization of deep learning/ transfer learning architectures for training 

endometriosis classification model. The experimental analysis conducted identified that transfer learning 

techniques (ResNet101V2, MobileNet, and VGG16) perform more efficiently better than deep learning (CNN) 

during the classification of endometriosis (pathology and non-pathology). However, comparative analysis with 

the existing study also revealed that more data samples improved the endometriosis detection and classification 

rate. Hence, the utilization of transfer learning approaches and the adoption of larger training samples can foster 

and enhance classification rate in the domain of endometriosis classification. In conclusion, the performance of 

the proposed system outperformed the existing work and the benchmark CNN approach. Further studies can be 

extended by considering more transfer learning architectures, and conduct a comparative analysis based on 

different parameter tuning, data sample size, and training epochs. For real time application or prediction of 

endometriosis classification, flask API can be utilized to create an application endpoint for professional and the 

general masses usage.  
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