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 This study aims to detect gender based on facial images with and without 

hijab features, with the expected outcome of distinguishing gender from 

these facial features. The method involves comparing the performance of 

four convolutional neural network (CNN) architectures: AlexNet, 

SqueezeNet, VGG16, and ResNet50. A total of 170 facial images were 

directly collected using smartphone cameras. The dataset consists of two 

classes: 68 male faces and 102 female faces, among which 78 images of 

females feature hijabs, while 24 do not. The validation stage with 40 images 

(15 males and 25 females) showed that the AlexNet architecture achieved 

the highest validation accuracy at 100%, followed by ResNet50 with 

97.50%, VGG16 with 95%, and SqueezeNet with 92.50%. The testing stage 

with 40 images (20 males and 20 females, including 10 females with hijabs 

and 10 without) showed that ResNet50 classified 38 images correctly, 

achieving 95% accuracy. AlexNet classified 37 images correctly with 

92.50% accuracy, SqueezeNet classified 36 images correctly with 90% 

accuracy, and VGG16 classified 34 images correctly with 85% accuracy. 

The contribution of this research shows that AlexNet achieves the highest 

validation accuracy, while ResNet50 provides the best accuracy in facial 

image detection for determining gender and hijab features. 
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1. INTRODUCTION 

Various convolutional neural network (CNN) architectures can be employed to detect human faces. 

Human face detection is one of the most extensively researched areas in computer vision [1]. However, 

selecting the wrong architecture can lead to various issues, primarily inadequate face recognition accuracy 

[2]. Many current architectures are ineffective in handling partially covered facial objects such as masks, 

hijabs, or niqabs, and gender [1], [3], [4]. In some cases, facial changes due to aging [1], [5], [6], the use of 

hats and scarves [7], and other issues like lighting, occlusion, pose variations, and facial expressions pose 

additional challenges [2], [8], [9].  

CNN-based facial recognition systems allow models to automatically extract facial features from 

images, ranging from low-level features like edges and corners to high-level features like facial shapes and 

https://creativecommons.org/licenses/by-sa/4.0/
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textures [10]. Conversely, challenges arise in complex environments, including irregular poses, poor lighting, 

and especially occlusion when parts of the face are obscured by objects such as masks or hijabs [11]. These 

challenges become even more critical to address, considering that hijabs are cultural elements widely used in 

many countries, particularly in the middle east and Southeast Asia, influencing the success of automated 

facial recognition [12], [13]. Wearing a hijab can reduce the performance of facial recognition models reliant 

on full facial features, such as the jawline and mouth [14]. In this research, facial recognition in hijab 

conditions is considered an occlusion case. Occlusion refers to a situation where parts of the object to be 

recognized are not visible due to being covered by other objects [8], [15], [16]. 

Another issue in facial recognition involves gender classification, i.e., distinguishing between male 

and female genders. Sometimes, it is difficult to determine gender [1], [4]. Even faces that are mostly 

covered by masks or niqabs present significant challenges in detecting landmarks (such as eyes, nose, and 

mouth corners) [8], [9]. Accurate detection of gender and hijab status requires models that can adapt to the 

various facial expressions found in datasets [17]. A CNN model was also developed to classify skin lesion 

images into classes and subclasses to improve accuracy up to 96.2% [18]. However, particularly occlusion 

can affect the accuracy and performance of facial recognition systems [14], CNN architectures can be utilized 

to overcome these issues [3], [19], [20] including modified CNN architectures [21]. The selection of a CNN 

architecture that has a high level of accuracy is expected to be able to overcome the grafting problem. 

Various CNN architectures have been extensively utilized, such as LeNet, AlexNet, ZfNet, VGG, 

GoogleNet, ResNet, SqueezeNet, DenseNet, MobileNet, U-Net, EfficientNet, Faster R-CNN, and NasNet 

[22]. Each CNN architecture has its own strengths and weaknesses [1], [3], [23]. Therefore, this study 

conducts an evaluation comparing several CNN architectures: AlexNet, SqueezeNet, VGG16, and ResNet50. 

Based on research by Thaher et al. [4], which stated that the deep learning method is superior to 

traditional methods in detecting occluded faces, especially region-based CNN (R-CNN and Faster R-CNN) 

and optimized single-shot detectors (you only look once (YOLO) and single shot multibox detector (SSD)). 

Then, research by Hassanat et al. [19], which examined face, gender, and expression recognition on fully 

veiled faces with a focus on the eye area to overcome occlusion. However, that study did not compare 

ResNet50 and VGG16, where ResNet's deeper architecture can address vanishing gradient issues [24]. 

Although SqueezeNet is efficient in terms of parameter usage, it often has limitations in handling facial 

conditions with hijabs [11]. AlexNet faces challenges in dealing with complex data, such as faces with 

occlusions or poor lighting [24]. FaceNet is capable of deeply learning facial representations and efficiently 

measuring the distances between faces using triplet loss [25]. ResNet exhibits higher accuracy in handling 

facial detection under challenging conditions, including variations in lighting, masks, and facial expressions, 

although with heavier computational requirements [3]. Conversely, ResNet50 has proven to be highly 

efficient in dealing with irregular facial poses and severe occlusions [13], [26].  

Various comparative studies on CNN architectures have been conducted, such as by Krichen [27], 

which concluded that ResNet is the best CNN architecture based on its ability to train deeper networks and 

effectively address issues faced by other architectures like visual geometry group (VGG), AlexNet, LeNet, 

and Inception Net. ResNet offers a superior solution for deeper and more complex networks. Similarly,  

Shah et al. [28] asserted that ResNet50 is the most effective model for early disease detection in rice 

compared to models like Inception V3, VGG16, and VGG19. In the study by Madkour et al. [29], automatic 

facial segmentation using CNN was applied to women wearing hijabs. The images were automatically 

segmented into three classes: skin, hijab, and background. The dataset consisted of 250 images, divided into 

150 training and 100 testing. The FCN method with 91 layers was employed. Validation results included 

global accuracy: 92%, mean accuracy: 92.69%, and mean IoU: 84.4%. Evaluation results showed skin 

accuracy: 95.43%, hijab accuracy: 90.61%, and background accuracy: 92.05%. 

Kocacinar et al. [20] developed a lightweight, fine-tuned CNN for mobile applications to detect 

masked faces. The architectures used included Mobile Net, VGG16, and ResNet, with a dataset comprising 

1,849 facial samples from 12 individuals. Mobile Net achieved the highest validation accuracy of 90.40% for 

identifying correctly or incorrectly worn masks. Fine-tuning with VGG16 and ResNet resulted in validation 

accuracies of 87.60% and 51.74%, respectively. Ali et al. [5] used CNN for age and gender prediction, 

achieving an accuracy of 95% for gender and 92% for age. The dataset contained approximately 26,000 

labeled facial images, covering variations in lighting, facial expressions, poses, and image quality. 

Hassanat et al. [19] research shows that an eye-focused approach using a lightweight CNN and data 

augmentation can achieve ±92% accuracy for fully veiled face identification, ±90% for gender classification, 

and ~78% for expression recognition, with performance comparable to large models but faster for real-time 

applications. Shah et al. [28] automated the diagnosis of blast disease in rice plants using Inception V3, 

VGG16, VGG19, and ResNet50. The dataset consisted of 2,000 images divided into two classes (1,200 

infected images and 800 healthy leaf images). ResNet50 delivered the best performance, achieving an 

accuracy of 99.75%, a loss rate of 0.33, a validation accuracy of 99.69%, a precision of 99.50%, an F1-score 

of 99.70, and an AUC of 99.83%. 
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Izdihar et al. [30] compared two CNN architectures (VGG16 and ResNet50) for detecting 

pneumonia in chest x-ray (CXR) images. Results indicated that ResNet50 outperformed VGG16 in 

performance. Nugraha et al. [31] compared the performance of GoogleNet, AlexNet, VGG-16, LeNet-5, and 

ResNet-50 in recognizing Arabic handwritten patterns. The dataset consisted of 8,400 handwritten Arabic 

images from various individuals. Training data is 80%, and testing is 20%. ResNet-50 and GoogleNet 

demonstrated the best accuracy and training speed. Although AlexNet and VGG-16 yielded lower accuracies, 

their results were acceptable, whereas LeNet-5 had low accuracy and was not recommended.  

Akhand et al. [32] developed facial emotion recognition (FER) using transfer learning (TL) with a DCNN 

model. DenseNet-161 achieved the highest accuracy: 96.51% on the KDEF dataset and 99.52% on the 

JAFFE dataset using 10-fold cross-validation. 

Naseer et al. [33] compared intrinsic CNN architectures LeNet, AlexNet, VGG16, ResNet-50, and 

Inception-V1 for detecting lung cancer, with the LUNA16 dataset. AlexNet, optimized with SGD, achieved 

the highest validation accuracy for lung cancer detection using CT images, with an accuracy of 97.42%, a 

classification error rate of 2.58%, sensitivity of 97.58%, specificity of 97.25%, positive predictive value of 

97.58%, negative predictive value of 97.25%, false omission rate of 2.75%, and an F1-score of 97.58%. The 

performance of CNN architectures is significantly influenced by the selection of appropriate 

hyperparameters, impacting accuracy, training speed, and generalization ability [34], [35]. This principle 

applies to facial recognition, including masked faces [14], [26], [36] and hijabs [4], [29]. The aim of this 

research is to identify the most effective CNN architecture for facial recognition based on gender and hijab 

status. In addition, the aim of this research is also to understand the strengths and weaknesses of each 

architecture in handling various types of occlusions. The contribution of this research is to identify the best 

performance of CNN architectures in handling the simultaneous detection of gender and hijab features. 

 

 

2. METHOD 

This research began by identifying the problem of facial image detection to determine gender and 

hijab status using CNN architectures. Based on the findings, several CNN architectures were selected for 

comparison in facial image detection tasks. The next step involved collecting facial image data under various 

poses, genders, and with or without hijabs. The collected data was labeled and cleaned to ensure usability for 

further analysis. The data was then classified based on labels and analyzed to determine its suitability for 

testing. Once the dataset was deemed appropriate, testing was implemented using four CNN architectures: 

AlexNet, SqueezeNet, VGG16, and ResNet50. Training and validation were performed for each architecture, 

evaluating metrics such as accuracy, precision, recall, and F1-score. All validation results were then assessed, 

culminating in conclusions drawn from the evaluation. The research stages are illustrated in Figure 1. 
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Figure 1. Research methodology stages 

 

 

2.1.  Problem identification 

Based on the background discussed in the previous subsection, identifying gender and hijab status 

from facial images requires performance evaluation of various CNN architectures. This study aimed to 

compare four major CNN architectures: AlexNet, SqueezeNet, VGG16, and ResNet50, in the task of gender 

and hijab status detection based on facial images. CNN was utilized to create a model capable of classifying 

gender as male or female. Subsequently, for female classifications, facial images were evaluated to determine 

whether hijab features were present. The research tested the accuracy of these CNN architectures and 

evaluated the best-performing model based on classification results. 
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2.2.  Literature analysis 

Literature searches were conducted on electronic publication platforms such as Google Scholar, 

IEEE Xplore, MDPI, SpringerOpen, ProQuest, and Academia.edu. Over 90% of references used were 

indexed by Scopus, with more than 75% ranked as Q1 and Q2. The primary themes included CNN 

architecture usage for facial detection, gender classification, and hijab differentiation.  

 

2.3.  Data collection 

The research used human facial image data consisting of two classifications: male and female. A 

total of 170 images were used, comprising 68 male faces and 102 female faces. The images were collected 

directly using smartphone cameras with average quality. Subjects ranged from 18 to 48 years old, 

photographed in relaxed poses from distances of 0.8 to 3 meters. Cameras operated in auto mode without 

specific lighting or settings. Photos were taken both indoors and outdoors to achieve natural results, 

reflecting real-world applications. The dataset of 170 images was divided into male and female classes. Male 

images accounted for 40% (68 images), while female images comprised 60% (102 images), further divided 

into 78 hijab-wearing images (45.9%), and 24 non-hijab images (14.1%). For female-only data (102 images), 

76.5% were hijab-wearing, and 23.5% were non-hijab. 

 

2.4.  Convolutional neural network architecture implementation 

Following data collection, selection, and cleaning, the dataset was divided into training, validation, 

and testing datasets. Data resizing was performed to standardize image sizes for each CNN architecture. 

Training and validation were conducted for AlexNet, SqueezeNet, VGG16, and ResNet50 architectures. This 

research employed the Sample, Explore, Modify, Model, and Assess (SEMMA) framework to preprocess 

data, apply discriminant models using four machine learning algorithms, evaluate their performance, and test 

algorithms with the best discriminant verification. Figure 2 illustrates the dataset processing flowchart with 

CNN architectures. 
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Figure 2. Dataset processing flowchart with CNN architectures 
 

 

a. Sample stage 

The sample stage involves collecting and selecting data to be used in the analysis. The data in this 

study consists of human facial images, divided into two classes: male faces and female faces. The dataset is 

divided into three parts: 90 data points for training, 40 data points for validation, and 40 data points for 

testing. This division is made to optimize the learning process and evaluate the developed model. Table 1 

explains the data distribution for training, validation, and testing purposes. 
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Table 1. Data distribution 
No Data type Male  Female Agregat 

1 Training 33 57 90 
2 Validasi 15 25 40 

3 Testing 20 20 40 

 Total 68 102 170 

 

 

b. Explore stage 

The explore stage is the initial step in data analysis to identify patterns, trends, and characteristics of 

the collected data. In this study, the explore stage involves examining the resolution and quantity of the 

collected image data. 

c. Modify stage 

The modify stage aims to prepare the data for modeling. The modify process involves resizing 

images to ensure uniformity and reduce size. For AlexNet, SqueezeNet, and VGG16 architectures, images 

are resized to 227×227×3. For the ResNet50 architecture, images are resized to 224×224×3. This resizing is 

necessary to ensure that the image data can be appropriately processed by the input layer of each CNN 

architecture (AlexNet, SqueezeNet, VGG16, and ResNet50). 

d. Modeling stage 

The modeling stage involves building models using CNN with four different architectures. CNN 

processes data layer by layer, with each layer responsible for extracting increasingly complex features from 

the data. By applying these architectures, models are developed with varying capabilities in understanding 

patterns and visually representing the data used. 

e. Assess stage 

The assess stage in data analysis is the evaluation step for the built models. During this stage, testing 

is conducted using testing data to examine the performance of the developed models. By using testing data, 

the models are evaluated to determine how well they classify gender with the expected accuracy. The results 

of the assess stage will aid in evaluating the effectiveness and reliability of the developed models. 

 

2.5.  Model evaluation 

Evaluation aimed to measure the success and quality of the developed models. This process used a 

confusion matrix as recommended by Krichen [27], to obtain metrics such as accuracy, precision, recall, and 

F1-score for the CNN architectures tested. The formulas for these metrics are shown in (1)-(4): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(TP+TN)

TP+FP+FN+TN
× 100% (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =
(TP)

TP+FN
 (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
(TP)

FP+TP
 (3) 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ×  
(𝑟𝑒𝑐𝑎𝑙𝑙 x 𝑝𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛)

(𝑟𝑒𝑐𝑎𝑙𝑙+pecission)
 (4) 

 

 

3. RESULTS AND DISCUSSION 

Based on the stages outlined in the previous subsections, the training phase employed four CNN 

architectures: AlexNet, SqueezeNet, VGG16, and ResNet50. The objective was to compare these 

architectures to identify the best-performing model in a facial recognition dataset designed to determine 

gender and hijab or non-hijab status. The training parameters included the Adam optimizer method, a 

learning rate of 0.0001, a maximum of 10 epochs, and a batch size of 18. During training, the models were 

trained and validated every five iterations. Training results are illustrated in Figure 3, each depicting the 

training and validation processes for AlexNet, SqueezeNet, VGG16, and ResNet50 architectures. The red and 

blue curves in Figures 3(a)-(d) represent model performance on training and validation data, respectively. 

The red curve shows the model's performance improvement over iterations or epochs during training, while 

the blue curve reflects the model's ability to generalize patterns learned from training data to validation data. 

Based on the four figures, the curves can be analyzed to determine whether the model is 

experiencing overfitting (overtrained), underfitting (undertrained), or if it is capable of good generalization 

on new data. A red curve that increases rapidly on training data indicates that the model is effectively 
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adapting to the training data. However, if the blue curve for validation data is significantly below the red 

curve, this may suggest that the model is overfitting and unable to generalize well on new data. Conversely, 

if both curves are close to each other and achieve good performance on validation data, the model 

demonstrates good generalization ability and can recognize patterns in previously unseen data. 

 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 3. CNN architecture training and validation; (a) Alexnet, (b) SqueezeNet, (c) VGG16, and  

(d) ResNet50 

 

 

3.1. Validation results 

The evaluation was conducted for the four CNN architectures: AlexNet, SqueezeNet, VGG16, and 

ResNet50. This was carried out to identify images based on gender classification, distinguishing between 

male and female. Figure 4 illustrates the evaluation using the confusion matrix from the validation results of 

the models developed with these four architectures. 

From the AlexNet confusion matrix in Figure 4(a), out of 40 data used for model validation, the 

model correctly classified all (100%) data according to their respective classes. Table 2 shows the calculated 

accuracy, precision, recall, and F1-score based on the AlexNet confusion matrix. Based on Table 2, the 

validation results using the AlexNet model achieved an average accuracy of 100%, a precision of 1.0000, a 

recall of 1.0000, and an F1-score of 1.0000. 
 

 

Table 2. AlexNet validation results 
No Class Accuracy (%) Precision Recall F1-score 

1 Male 100 1.0000 1.0000 1.0000 

2 Female 100 1.0000 1.0000 1.0000 

Average 100 1.0000 1.0000 1.0000 

 
 

From the SqueezeNet confusion matrix in Figure 4(b), out of 40 validation data points, 37 images 

were correctly classified, and 3 images were misclassified. Specifically, 14 male images were correctly 

classified, while 1 male image was misclassified as female. Furthermore, 23 female images were correctly 

classified, while 2 female images were misclassified as male. Table 3 presents the calculated accuracy, 

precision, recall, and F1-score based on Figure 4(b). Based on Table 3, the validation results using the 

SqueezeNet model achieved an average accuracy of 92.50%, precision of 0.9167, recall of 0.9265, and  

F1-score of 0.921. 
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Table 3. SqueezeNet validation results 
No Class Accuracy (%) Precision Recall F1-score 

1 Male 92.50 0.875 0.933 0.9031 
2 Female 92.50 0.9583 0.92 0.9388 

Average 92.50 0.9167 0.9265 0.921 

 

 

From the VGG16 confusion matrix in Figure 4(c), out of 40 validation data points, 38 images were 

correctly classified, and 2 images were misclassified. Specifically, 15 male images were correctly classified, 

while 23 female images were correctly classified. However, 2 female images were misclassified as male. 

Table 4 presents the calculated accuracy, precision, recall, and F1-score based on Figure 4(c). Based on  

Table 4, the validation results using the VGG16 model achieved an average accuracy of 95%, precision of 

0.9412, recall of 0.9600, and F1-score of 0.9479. 

 

 

Table 4. VGG16 validation results 
No Class Accuracy (%) Precision Recall F1-score 

1 Male 95 0.8824 1.0000 0.9375 

2 Female 95 1.0000 0.92 0.9583 
Average 95 0.9412 0.96 0.9479 

 

 

From the ResNet50 confusion matrix in Figure 4(d), out of 40 validation data points, 39 images 

were correctly classified, and 1 image was misclassified. Specifically, 14 male images were correctly 

classified, while 25 female images were correctly classified. However, 1 male image was misclassified as 

female. Table 5 presents the calculated accuracy, precision, recall, and F1-score based on Figure 4(d). Based 

on Table 5, the validation results using the ResNet50 model achieved an average accuracy of 97.50%, 

precision of 0.9808, recall of 0.9667, and F1-score of 0.9730. These results are better than the findings of [5], 

[20], [29]. 

 

 

Table 5. ResNet50 validation results 
No Class Accuracy (%) Precision Recall F1-score 

1 Male 97.50 1.0000 0.9333 0.9655 

2 Female 97.50 0.9615 1.0000 0.9804 
Average 97.50 0.98077 0.96667 0.97295 

 

 

    
(a) (b) (c) (d) 

 

Figure 4. Confusion matrices for validation; (a) AlexNet, (b) SqueezeNet, (c) VGG16, and (d) ResNet50 

 

 

3.2.  Testing results 

Testing involved evaluating the models using unseen data to assess their generalization 

performance. The testing dataset consisted of 40 facial images, with 20 male and 20 female images, including 

10 hijab-wearing female images and 10 non-hijab female images. Table 6 summarizes the testing results for 

AlexNet, SqueezeNet, VGG16, and ResNet50 architectures. 

From Table 6, the ResNet50 architecture correctly classified 38 images and misclassified 2, 

achieving a testing accuracy of 95%. Next, the AlexNet architecture correctly classified 37 images and 

misclassified 3, achieving a testing accuracy of 92.5%. Furthermore, the SqueezeNet architecture correctly 

classified 36 images and misclassified 4, achieving a testing accuracy of 90%. Last, the VGG16 architecture 

correctly classified 34 images and misclassified 6, achieving a testing accuracy of 85%. The results of the 

hijab and gender face detection evaluation are shown in Figure 5. 
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Table 6. Testing results for AlexNet, SqueezeNet, VGG16, and ResNet50 

No Architecture 
Testing result 
True False 

1 AlexNet 37 3 

2 SqueezeNet 36 4 

3 VGG16 34 6 
4 ResNet50 38 2 

 

 

 
 

Figure 5. Results of the evaluation of hijab face detection and gender 

 

 

3.3.  Evaluation summary 

Based on the validation and testing results and Figure 5, a summary of the average performance 

metrics for each architecture is provided in Table 7. 

 

 

Table 7. Evaluation summary for AlexNet, SqueezeNet, VGG16, and ResNet50 

No Architecture 
Average validation Testing 

Accuracy (%) Precision Recall F1-score True False 

1 AlexNet 100 1 1 1 37 3 

2 SqueezeNet 92.5 0.9167 0.9265 0.921 36 4 
3 VGG16 95 0.9412 0.96 0.9479 34 6 

4 ResNet50 97.5 0.98077 0.96667 0.97295 38 2 

Amount of data 145 15 

 

 

From the evaluation: 

− ResNet50 demonstrated the highest testing accuracy (95%) and maintained high validation accuracy 

(97.5%), making it the most robust model in this study. 

− AlexNet achieved perfect validation accuracy (100%) but performed slightly lower during testing, 

classifying 37 images correctly (92.5% testing accuracy). 

− SqueezeNet showed competitive performance with a testing accuracy of 90%, emphasizing computational 

efficiency. 
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− VGG16 had high validation accuracy (95%) but lower testing accuracy (85%), indicating potential 

overfitting or limitations in generalization. 

Validation accuracy: AlexNet (100%), ResNet50 (97.5%). Test accuracy: ResNet50 (95%), AlexNet 

(92.5%). The superior performance of ResNet50 and its implications for real-world applications.  

This study has several limitations: i) the size and diversity of the dataset; ii) non-uniform image 

resolutions; and iii) evaluation procedures that require further development. Recommendations for future 

research are: i) increasing the dataset size and diversity; ii) standardizing image resolutions; and iii) adopting 

more complex evaluation methods, including consequential advancements in self-supervised learning (SSL) 

within deep learning contexts. 

 

 

4. CONCLUSION 

This study successfully tested the effectiveness of four CNN architectures: AlexNet, SqueezeNet, 

VGG16, and ResNet50 in detecting gender from facial images, both with and without hijab features. These 

CNN models were trained using the Adam optimization method with a learning rate of 0.0001, over 10 

epochs, and a batch size of 18. The findings of this research are that the AlexNet model achieved the highest 

validation accuracy at 100%. Meanwhile, ResNet50, SqueezeNet, and VGG16 achieved validation accuracies 

of 97.50%, 92.50%, and 95%, respectively. This indicates that all four architectures perform well in 

classifying gender based on facial images. In the testing stage with new, unseen data, the ResNet50 model 

achieved the highest accuracy of 95%, correctly classifying 38 images. Despite variations in accuracy among 

the four models, this study demonstrates the potential of CNN architectures in detecting gender from facial 

images with appropriate training parameters. The findings of this research indicate that AlexNet achieved the 

highest validation accuracy, while ResNet50 provided the best accuracy in facial image detection for 

determining gender and hijab features. 

This study has several limitations that need to be addressed in future research. The dataset used in 

this study is relatively small. The performance of models heavily depends on the quality and diversity of the 

dataset used for training and evaluation. Future research should include a larger dataset with diverse poses, 

genders, ages, and hijab models. Comparative analysis with other CNN architectures is necessary to provide 

a more comprehensive comparison and identify more accurate alternatives. Both the dataset and CNN 

architectures should be further developed for real-time testing scenarios, such as video processing or CCTV 

monitoring, to assess their performance in practical, everyday applications. Real-time implementation or 

testing on more complex datasets, such as datasets with varying lighting conditions or cultural clothing 

variations. 
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