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ABSTRACT 

 

 

 

With the advancement of Artificial Intelligence (AI) connected real-world, the 

accurate prediction of age and gender has become a concerning issue nowadays. In 

order to perform an independent analysis of bias in the UTKFace dataset, metadata of 

23,645 pictures was obtained with the help of custom Python scripts and tabulated in 

Excel to be reviewed in detail. Analysis has revealed that where the number of male 

and female samples was almost equal, statistically significant, age difference between 

the groups of half a decade existed. The imbalance was also validated by a randomly 

chosen sample of 7,000 images, as the sample has some age-related bias that can be 

measured. EfficientNetB0, MobileNetV2, ShuffleNetV2, and the custom CNN are 

four deep-learning models that were trained to make sure there was a fair comparison. 

EfficientNetB0 gave the best results with over 90 percent accuracy in gender 

classification and credible age estimation. Further testing with confusion matrices, 

TPR comparisons and classification reports served to test potential bias in the 

algorithm. TPR difference between males and females was not large (0.90 and 0.91 

respectively) which indicated that the general model structure and analysis adequately 

minimized the performance differences. Grad-CAM was used to deal with model 

interpretability, highlighting the most influential and important regions of the face in 

prediction. The significance of the method is that focusing with the forehead and mid -

face region as per the human visual intuition which facilitated openness of judgment. 

Each stage of the working process was biased to check, statistically verified and 

interpretable.
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Facial image automatic age and gender prediction (especially when using deep 

learning) is an important thing in computer vision, particularly when it comes to 

human-computer interaction, biometrics, security, and social media (Dey et al., 2024).  

Conventional approaches that relied on hand-crafted characteristics, such as LBP, 

PCA, and SVM, were fairly effective on clean and controlled images but collapsed 

once applied to real-life images (Kumar et al., 2024).  Along with the advent of deep 

learning, and more specifically, convolutional neural networks (CNNs), there has 

been an immense increase in accuracy of age and gender classification (Hamza et al., 

2025).  The hierarchical and robust features learned by modern CNNs are directly 

learned out of pictures, and models such as EfficientNet and VGG literally crush it on 

such datasets as UTKFace (Kumar et al., 2024).  Even a basic CNN can provide the 

state-of-the-art estimates of age and gender, in cases when it is found that the faces 

are not perfectly aligned, or the lighting is poor (Levi et al., 2015).  However, you also 

require good preprocessing face recognition, face alignment, and face normalization 

to cope with occurrences of pose, illumination, and occlusions (Dey et al., 2024).  The 

tricks of choice are transfer learning on large-scale datasets such as ImageNet, as well 

as robust data augmentation in order to prevent overfitting and correct small sample 

bias (Kumar et al., 2024).  Although on gender and pretty decent age we can reach 95-

98 percent accuracy, at the same time, models are not yet ready to resolve 

demographic diversity, occlusion, and data imbalance issues in real-world 

deployments (Levi et al., 2015).  Scholars are now seeking increased scores as well 

as justice, reduction of bias, and interpretability in order to make the technology feel 

reliable and transparent, particularly in sensitive aspects (Rasheed et al., 2022).   

 It is easier to understand that AI systems such as Grad-CAM or Saliency Maps allow 

us to understand what areas of a face are influencing the predictions and where the 
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biases or errors may be (Dwivedi et al., 2023) Ensemble XAI is auditing age and 

gender tasks. Those tasks are also additional explainability checks to build morphed-

face-detection models  are both age- or gender-fair and more likely to perform in the 

real world ( Dwivedi et al., 2023) Itis one of the important tasks in a wide range of 

applications, such as social science researches, public security field, personal service 

customizations and so forth.  Many organizations are unable to afford experts with 

experience in facial analysis and may not be able to make timely or accurate decisions 

regarding system design. Human annotators get tired over the day when they have to 

work for many faces. In such a condition, they could miss some details or make 

mistakes, especially if the images are diverse in age and background. Not only is this 

process time-consuming, it is even subjective since different people could tag the 

same image with different labels. In order to be able of exploiting technology in these 

objective, it is necessary to develop systems for an accurate estimation of human age 

and gender (on the basis of not only facial) even under large-scale alternation on facial 

attributes, illumination setting, and image prerequisites. False age or gender 

predictions, and systems is that are biased towards certain classes can cause serious 

problems in data interpretation and real-world applications. 

 

1.2  Problem Statement 

There are serious problems with automatic prediction of age and gender based on 

facial images as it depends on changes in the facial structure, pose, light, ethnicity, 

image resolution, and occlusions. Large-scale face datasets are both labor intensive 

and prone to human bias since annotation and demographic analysis is done manually 

as real-world data is very unconstrained. Most of the systems implemented in practice 

are not transparent and users and stakeholders can hardly rely on model decisions and 

interpret them in sensitive areas, such as identity verification, surveillance, and 

healthcare. Moreover, bias and the absence of fairness in machine learning models 

might lead to wrongful or unjust predictions of underrepresented group demographics, 

helping to enforce social inequality and reduce the system credibility. 

 

The technical challenge of deep neural networks is gathering interpretations, 

especially of complex models like EfficientNetB0. In the case of unspecified AI 
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mechanisms, it is almost impossible to check if models pay attention to meaningful 

facial areas or simply encode gender, age, or racial bias. With AI penetrating the realm 

of everyday use, it is essential to make sure that automated age and gender recognit ion 

is fair, transparent, and interpretable in order to introduce responsible and ethical use. 

 

Real-time, precise, and equitable demographic forecasting is invaluable to 

individualized technology, security and interactivity, though it must be verifiable that 

models are prejudice-free, rely on soundness, and be comprehensible to laymen. Such 

challenges should be tackled using better approaches, visualization that can be 

explained, and bias assessment to transform the field and make up on the promise of 

fair AI systems. 

 

1.3   Motivation 

 

The development of deep-learning has benefited well the field of facial image analysis 

and recognition in recent years. The high accuracy of models predicting the age and 

gender of individuals based on face photographs is supported by large datasets such 

as UTKFace, which are fast and provide high-performance. Nonetheless, the issue of 

fairness in all ages, genders and backgrounds remains a matter with several of these 

models. It is becoming clearer that it is useful to know what actually the model is 

doing, which face areas it is basing itself on, and whether it has some sort of bias. 

Tools exist that offer region-based explainability and bias analysis, allowing 

researchers to evaluate the predictions made by algorithms and fairness. This paper 

examines the extent of fairness and transparency of different deep learning models 

with respect to predicting age and gender. The comparison of model structures and 

their results on the UTKFace dataset must also illustrate future research opportunities 

in the field of age and gender prediction, which will not only help scientists in the AI 

community but also increase confidence in face analytics. 

 

1.4   Significance of the Study 
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We discuss in the present work some of the significant issues in the automatic 

estimation of the age and gender of people via their facial images, considering the 

aspects of fairness and explainability as the two areas of research that are not well 

investigated. Judging a number of deep-learning models and considering the impacts 

of biases and respective parts of the face on predictions, this study can be used to point 

out practical and scientific conclusions. 

Main implications include: 

• To AI/Computer vision researchers: The article represents a credible 

substantiated foundation of deep-learning architectures using UTKFace 

dataset, with advantages and disadvantages. It also provides limited 

experimental evidence of explainability tools on regions and bias analysis on 

face attributes detection systems. 

• To real-life examples: More accurate and interpretable age and gender 

recognition can minimize the mislabeling and error in decision-making, which 

benefits the community, social studies, and individualization systems. 

• To have reasonable and reliable technology: This piece provides a guideline 

towards the creation of more reliable and fairer face analytics among 

developers, and provides a guideline to keep the ethical implications well 

observed by revealing the biases in demographic and model development. 

All these findings can be applied in future to inform the future development of fair, 

explicable and practical face analysis models in both research and practice. 

 

1.5   Research Questions 

 

This study want to answer the question: 

 

• What types of deep learning models (EfficientNetB0, MobileNetV2, 

ShuffleNetV2, custom CNN) are more effective in using the UTKFace dataset 

to predict age and gender based on the dataset? 

• Are there any strong bias or differences in performance for age and gender on 

the models? 
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• How do region-based explanation tools (such as Grad-CAM), contribute to our 

interpretation and trust on prediction of those models? 

• Can fairness analysis and interpretability techniques help us build fair? And 

interpretable age and gender prediction systems that can be really used in 

practice? 

 

 

 

1.6 Research Objective 

The aims of this study were as follows: 

• We will implement and train several deep learning models (EfficientNetB0, 

MobileNetV2, ShuffleNetV2 and a custom CNN) for age and gender 

prediction extracting from the UTKFace dataset while strictly pre-processing 

to keep up with data quality. 

• To evaluate and compare the accuracy, absolute error, and group-wise 

performance of these models in various age groups as well as gender using 

standard evaluation metrics. 

• Bias in model predictions and demographic fairness was examined based on 

statistical tests and visualization methods. 

• Through this approach, we can also utilize region-based explainability 

techniques (e.g., Grad-CAM) and study facial regions (Zone: Forehead, 

Midface, Jaw) that impact model predictions and make model outputs more 

interpretable 

 

1.7 Research Scope and Limitations 

This section highlights the limitations of the study and the limitations 

arising from the dataset, chosen techniques, and evaluation process.
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1.7.1 Scope 

• The studies in this group are on automatic gender and age estimation using 

the UTKFace dataset.  

• The major models evaluated are EfficientNetB0, MobileNetV2, 

ShuffleNetV2 and plain CNN.  

• Here, consider not only accuracy metrics (e.g., classification rate, mean 

absolute error), but also fairness/interpretablity metrics (region-based 

explanation, bias analysis). 

• All experiments are conducted on publicly accessible datasets of faces which 

can readily be applied to by others for result reproducibility. 

1.7.2 Limitations 

• Model selection: We compared only four deep learning models in this study. 

Performance could be different between other architectures. 

• Dataset coverage: The conclusions are based on the only UTKFace dataset. 

For the reason, it might limit the generalization to other facial datasets or tasks. 

• Hardware: Experiments were performed on some hardware, results (runtime, 

speed) may vary on different environments. 

• Testing in real-life examples:  This work does not contain direct spread, while 

model and bias analysis was fulfill . 

 

1.8 Thesis Organization 

 

This article covers five chapters: 

Chapter 1 discusses the background, research problems, motivation, significance, 

questions, objectives, scope and constraints. 

In Chapter 2, we look at the literature on age and gender detection, bias issues in 

facial analytics, deep learning techniques for facial analysis. 
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Chapter 3 shows in detail the research methodology: UTKFace data set, data 

preprocessing, model architectures, training, metrics for evaluation and techniques to 

mitigate bias. 

Chapter 4 presents the experimental results, compares model performance, explains 

in-depth analysis of bias, and interpreting model prediction explanations. 

Chapter 5 is ending it with a summary of findings, contributions made or implied 

from these results and suggestions for future work are needed. 
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CHAPTER 2 

 

 

 

LITERATURE REVIEW 

 

 

 

2.1 Related Works 

 

 

Age and gender prediction from face images has become an important problem in 

computer vision because of its use in security, marketing, health, and many other 

fields. The development of machine learning (ML) and deep learning (DL) has 

transformed the way of prediction. That holding the promise for efficient and 

effective outcomes. In this chapter, some methodologies varying from traditional 

machine learning techniques, convolutional neural networks (CNNs), to transfer 

learning approaches, and their strengths and limitations in age, gender   prediction, 

bias analysis and XAI are explored. 

 

Facial image based age and gender prediction Automatic age and gender prediction 

was first proposed by using hand-crafted features and traditional classifiers. Initial 

studies have been based on the descriptors such as Local Binary Patterns (LBP), 

Principal Component Analysis (PCA), and Support Vector Machines (SVM) to 

encode facial representations, which performed well in the confined environment but 

had shown weaknesses in diverse real-life conditions (Dey et al.,2024). Additionally, 

these traditional methods frequently involved heavy manual work in terms of 

extracting feature and were challenged by their inability to be resistant to pose, 

illumination, occlusion, and demographic variations (Rajiv Kumar et al., 2024). 

 

The emergence of deep learning and, in particular, Convolutional Neural Networks 
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(CNNs) meant that it was now possible to extract these features automatically, and 

models learned hierarchical representations of faces directly based on image data 

(Hamza et al., 2025). By demonstrating that even a basic CNN can be more effective 

than previous age and gender estimation algorithms in unconstrained conditions,(Levi 

et al., 2015) revealed the power of data-driven learning (Levi et al., 2015). 

The newest research compared VGG16, ResNet50, and EfficientNetB0 architectures 

and concluded that deeper and transfer-learned models yield even better prediction 

reliability, especially with the involvement of data augmentation and normalization 

techniques (Kumar et al., 2024). The lightweight models (MobileNetV2) can also be 

deployed in real-time at a low cost of computation (Hamza et al., 2025). 

 

 

The dataset and preprocessing trend contains data about Cocaine and Alcohol Abuse 

Statistics in the United States in 2007-2016. 

Research papers always underline the significance of thorough preprocessing a face 

detection, face alignment, normalization, and Augmentation to be robust in response 

to image quality, pose, and lighting variations (Dey et al., 2024). Such common 

datasets as UTKFace are commonly utilized to train and evaluate the approaches in 

various demographic and lighting situations (Kumar et al., 2024). 

 

  

Although the gender accuracy was high, as well as the competitive age classification 

are high, researchers have reported some outstanding issues associated with the 

demographic bias, occlusion (e.g., veiled/masked faces), and generalization to 

uncontrolled in-the-wild image (Levi et al., 2015; Jawad Rasheed et al., 2022). 

(Rasheed et al. 2022) emphasized the necessity of subgroup-specific assessment and 

architecture that is aware of fairness due to the effects of race, gender, and age group 

diversity on predictive. 

 

  

The use of explainable artificial intelligence (XAI), including Grad -CAM and 

saliency mapping, is becoming a common practice in age and gender models studies. 

They can be used to visualize salient body parts of the face affecting the model 

choices, which is essential in the model auditing and detecting bias (Dwivedi et al., 
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2023). It has been proposed that Ensemble XAI methods, which are a combination of 

several explainability tools, will offer more stable and trustworthy diagnostics 

(Dwivedi et al., 2023). 
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2.2 Research Gap 

 

Most research till now on age and gender prediction from facial images uses common 

deep learning models. They focusing on simple accuracy and error rates. And this 

method still has many unresolved problems. In particular, very few studies have 

addressed the fairness or bias of these models through different genders, age groups, 

or races, let alone done so in line with the UTKFace database. In addition, much of 

the research so far has not really looked at why certain demographically-bound groups 

might be excluded from models for no reason at all. Some researchers have begun to 

use explainable AI methods, but they only present a small number heat maps typically. 

They haven't yet analyzed which specific facial features are important for the models 

at all when it comes to predicting age groups and genders. There are very few studies 

that connect feature importance with bias. All of the previous works draw on the 

complete UTKFace data set. But none make any effort to think through the 

implications of using a balanced, a smaller sample. How data balance might affect 

bias and model fairness that still now needs investigating. The lack of literature 

includes not only that there has been no comparison of several lightweight models—

EfficientNetB0, MobileNetV2 and ShuffleNetV2—together in one framework, where 

traditional metrics are integrated with bias analysis. In general the results marks 

accuracy rather than bias or explain ability. Finally, there simply isn’t enough research 

that brings all of these factors together. Where a model is superior and more 

appropriate than another in practice becomes much harder to tell.   Model 

performance, spread bias analysis  and explanations that region-based importance are 

all necessary for age and gender prediction. Evidence from datasets which are both 

large and sampled should be provided to support these three aspects.
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CHAPTER 3 

 

 

 

METHODOLOGY 

 

 

 

Age/gender prediction is needed as fast and precisely as possible by many 

applications, like security, user profiling, and demographic analysis. Deep learning 
models have been capable of analyzing facial images promptly, accurately, and 

automatically in the past few years. This paper will particularly target two uses of 
EfficientNet-B0, namely, age and gender prediction. It uses UTKFace data of 
subjects as well as additional tests in bias and explainable artificial intelligence 

results. 
 

The model suggested has a set practice, step by step: 
 
Step 1: Prepare the Dataset 

 
Any images are scrutinized, filtered, and passed through a scrutiny with Excel and 

Python scripts. In fairness analysis, a random balanced sample of 7,000 pictures is 
developed. The next step is that each image is downsized to 128x128 pixels and 
finally normalized to serve as input into the model. 

 
Step 2: Skills in Data Splitting and Augmentation. 

 
The full set with all the data and the random sample of 7,000 images are separated 
into training and testing sets (80/20). The augmentation techniques, which include 

rotating, flipping, and changing of brightness, are also used in order to enhance the 
strength of the model. 

 
Step 3: Model building and training: 
 

EfficientNet-B0 is taken as the main backbone. This architecture has two  
branch. One of them is age regression: to predict age. 

The other is gender detection: predicting whether one is male or female. 
 
The model used in the case of derivative learning uses age prediction loss (mean 

absolute error, MAE), a loss used in gender classification (binary cross-entropy), 
and early stopping and dropout as means to avoid overfitting. 

Depending on the size and complexity of the dataset, the model is trained in 50-
200 epochs. The model is checked in terms of precision, recall, and F1 score at the 
end of every epoch. 

 
Step 4: Inspection & Bias Analysis. 

 
At the end of the training, the model is evaluated in terms of its possible bias: age 
(MAE) and gender (accuracy, F1 score, true positive rate). With massive and 



©Daffodil International University 27  

balanced samples, the bias analysis checks the fairness by comparing the findings 
of various age groups and genders. 

 
Step 5: Visualization XAI: 

 
GradCAM is used in testing samples to visualize the parts of the face on which the 
model depends for age and gender prediction. The critical areas are considered and 

compared to the outcomes of bias analysis. 
 

Step 6: Result and Conclusion Reporting. 
 
All findings are summarized in diagrams and tables—that is, accuracy, MAE, bias 

analysis, and XAI regional interpretations. This information is applied to highlight 
what succeeded in addition to the limitations of the existing model. 
 

 

 

Figure 2.2.1 Workflow Diagram 
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3.1 Data Collection 

 

The dataset is collected from Kaggle. It was created by Zhifei 

Zhang, Yang Song and Hairong Qi - a large dataset built for helping ML 

and DL researchers to build and evaluate models for age, gender and race 

detection and classification. It was created By using advanced computer 

vision, deep learning and automatic face detection techniques from 

worldwide. It contains over 23000 face images. Each image is labeled with 

person’s real age, gender and race for example: 25_0_2_201701161745.jpg 

where, [age] _ [gender] _ [ race] _ timestamp[] .jpg. It contains -  

Gender groups : Male, Female. 
 
 

Table 6.1 Gender groups: 
 

Label Gender 

0 Male 

1 Female 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.1.1 Class Distribution 
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Age range : 0-116 years. 
 

 
Figure 3.1.2 Age Distribution 

 

 

 
 

Races: 5 races- white, black, Asian, Indian, others(mixed). 

 

 

 

 

Table 6.2 Race Label: 
 

 

 

 

Label Race 

0 white 

1 black 

2 Asian 

3 Indian, 

4 others(mixed). 
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Figure 3.1.3 Race Distribution. 
 

 
 
 

 
 
 
 

Figure 3.1.4 Sample of dataset 
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3.2 Data Preprocessing 

 

3.2.1 Data Cleaning and study  

 

Remove duplicate, corrupted or unlabeled image file using Excel and Python  to 

ensure good quality input file. For fairness take 7000 images that was leveled. 

 

 

 
 

Figure 3.2.1.1 Age Distribution in 7000 samples 

 
 

 
 

 
 
 
 

Figure 3.2.1.2 Age Distribution in 7000 samples 
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3.2.2 Data Splitting 

 

We split the dataset in a ratio of 80:20. This is a common machine learning practice, 

where the dataset is divided into two subsets: training set (80%) used to train the 

model and prevent overfitting is used to fine-tune; testing set (20%) used to perform 

a final and unbiased evaluation of the model, to see how well the model performs 

on new data. 

 
 
 

 
 
 
 
 
 
 

Figure 3.2.2 Train-Test Split pie-chart 
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3.2.3 Resizing: 

 

Each image has been cropped to a square shape, preserving important areas. 

Each image has been resized to 128 X 128 pixels for all model’s expected 

input size. 

 
 
 
 
 
 

3.2.4 Normalization: 

 
Image pixel values scaled to the range, dividing by 255. That helps the model to effective  

learn. 

 
 
 

3.2.5 Data Augmentation: 

 
Applied some techniques like horizontal flip rotation and adjust brightness during training to 
reduce overfitting and increase data diversity. 
 

3.2.6 Label Encoding:  
 
Kept age labels are in continuous values for regression On the other hand, for classification, 
gender labels are as like as binary values (0 for female and 1 for male).  
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3.2.7 Parameters and Hyperparameters: 

 

During our works we use same parameters and hyperparameters (some 

different) both my proposed dual mode/hybrid model (EfficientNetB0) and 
compared models (MobileNetV2, ShuffleNetV2 ,Custom CNN) that are 
given the table. 

 

Table 6.3 Parameters and Hyperparameters: 

 

 EfficientNetB0 

(proposed) 
MobileNetV2 ShuffleNetV2 Custom 

CNN 

Backbone EfficientNetB0 MobileNetV2 ShuffleNetV2 Custom CNN 

Input Size 128×128×3 128×128×3 128×128×3 128×128×3 

Batch Size 64 64 64 64 

Learning Rate 0.0002 0.0002 0.0002 0.0002 

Optimizer Adam Adam Adam Adam 

Epochs (Early 

Stopping) 

50-200(patience 

16) 

50 - 

200(patience 

12) 

50 - 200(patience 

12) 

50 - 

200(patience 

12) 

Loss 

Functions / 

Weights 

MAE (age,3.2 ) 

CCE(gender,1) 

MAE (age,3.2 ) 

CCE(gender,1) 

MAE (age,3.2 ) 

CCE(gender,1) 

MAE (age,3.2 

) 

CCE(gender,1) 

Dropout 0.5 0.5 0.5 0.5 

L2 

Regularization 

0.01 0.01 0.01 0.01 

Augmentation Random 

Horizontal 

flipping 

Random 

Horizontal 

flipping 

Random Horizontal 

flipping 

Random 

Horizontal 

flipping 

Train/Test 

Split 

80/20 80/20 80/20 80/20 
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3.3 Models 

 

3.3.1 EfficientNetB0 

 

EfficientNetB0 is a high-performing convolutional neural network (CNN) and is 
entirely about picture recognition. It was designed a balance system and it was both 

more accurate with less parameters and less processing power. EfficientNetB0 does 
not merely make any one of these (depth, width or resolution) bigger, but scales all 

three simultaneously with one scaling rule in a clean and well-organized manner. This 
is why it is efficient and performs well with devices of low computing power. 

 

EfficientNetB0 belongs to CNN family which is based on the regular convolution 
layer, depthwise separable convolution layer and squeeze-and-excitation block. It 
constructs feature maps progressively and employs a channel-attention mechanism in 

order to emphasize most important information within each channel. 

 

The major concept of EfficientNetB0 is the compound scaling strategy. Instead of 

merely sneaking the model size up on the model, this algorithm follows a set formula 
and scales depth (layers of the model), width (number of channels), and input size 

(size of an image) simultaneously. In this manner network would learn valuable 
features more efficiently without losing computations. EfficientNetB0 is mostly 
applied to image classification, face recognition, age regression, and other image 

projects that require a small yet powerful model. 

 
Formula and Equations: 

The original EfficientNetV2 compound scaling method is the basic concept, and it 
scales the network depth, width, and resolution together with a compound 
coefficient ϕ. 

Depth (Number of Layers): 

                                𝑑 = 𝛼𝜙                                                                                       (1) 

Width (Number of Channels): 

                               𝑤 = 𝛽𝜙                                                                                        (2) 

 Resolution (Image Size): 

                               𝑟 = 𝛾𝜙                                                                              (3) 

Where: 

• Φ is a global scaling factor (user-defined). 
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• α, β, γ are constants determined by a small grid search on the baseline model, 
subject to the constraint: α .  𝛽2 . 𝛾2 ≈ 2 .This constraint ensures that for a 

larger ϕ the total FLOPS (computational cost) increases by roughly 26. 

 

 

 

 

 

 

 

Figure 3.3.1 The architecture of EffecientNetV2 Model 

(Taken from Amin et al., 2022)
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3.3.2 MobileNetV2 

 

MobileNetV2 is a small CNN model. This model is generally used in mobile and low-

power devices. It is also portable. It seeks to minimize calculations and, as much as 

possible, maintain the accuracy. The model brings about two significant concepts, 

such as inverted residual blocks and linear bottlenecks. These minimize wasteful 

operations and assist the network in operating at a high speed without losing 

information. MobileNetV2 is a member of the CNNs that employ the depth wise 

separable convolution. Convolution is divided into two easy operations in this 

operation depth wise convolution and pointwise convolution. This design enables the 

model to be efficient and can operate on low-power hardware. The main concept of 

MobileNetV2 is to do the processing on features in a small bottleneck space and then 

expand the features to a larger dimension, apply depth wise convolution, and contract 

them to a smaller size once more. The process assists the model to learn improved 

patterns of features at a low cost of computation. MobileNetV2 is usually utilized in 

mobile applications such as face recognition, gender classification, age classification, 

object classification, and real-time image recognization. MobileNetV2 is usually 

utilized in mobile applications such as face recognition, gender classification, age 

classification, object classification, and real-time image recognition.  

 

 

 

Figure 3.3.2 Diagram of  MobileNetV2 Architecture. 
(Taken from Akay et al., 2021) 
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3.3.3 ShuffleNetV2 

 

This small convolutional neural network is called ShuffleNetV2, and it was 

designed to work extremely fast on mobile devices and other low-power 

devices. It is all about reducing the memory consumption and in fact 

accelerating the real world things as opposed to boasting about reduced 

FLOPs on paper. Its design is very simple and its operations are very well 

working on actual hardware. 

 

It belongs to that category of CNNs channel split, channel shuffle and depth 

wise separable convolutions in order to reduce the work load. It is 

essentially cutting the channels in half, half of one of those through the 

channels in easy mode, then mixing and matching them to allow stuff to 

mix harmoniously. And then it evades the heavy stuff and keeps it 

exceptionally fast. 

 

Individuals find themselves utilizing ShuffleNetV2 to identify faces, detect 

objects, and mobile vision app, as well as other real-time classification 

problems in which you require speed rather than accuracy. However, SSD 

has difficulty detecting small objects, especially in low-resolution feature 

maps. Its fixed box size and aspect ratio do not fit all objects well, which 

can reduce the accuracy of predictions. 
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Figure 3.3.3 ShuffleNetV2 Model Architecture. 
 

 

 
3.3.4 Custom CNN 

 

 

One of such deep learning tools is the convolutional neural network, or CNN, 

which does a lot with images, such as classifying them, finding objects, and even 

identifying faces. They work out peaky information such as edges, colors, textures, 

and shapes themselves, and therefore, you do not need to pick features by hand. 

The CNN basically includes convolution layers to scan the image and extract more 

complex objects bit by bit. 

 

CNNs belong to the entire neural network team and incorporate the convolution 

operations, pooling layers, activation functions, and fully connected layers. They 

do not scan the whole image at the same time but concentrate on small areas and 

draw feature maps with one layer at a time. The more abstract and more extravagant 

the patterns, the deeper you are. 
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CNNs are used in many more amazing things people do, such as medical scans, 

security cameras, robots, self-driving vehicles, and even facial recognition, such as 

gender or age. 

 

 

Formula and Equations: 

Convolution operation is a mathematical process that computes the dot product 

between a small learnable matrix that is known as the Kernel (or Filter) and a patch 

of the input image or feature map. The output feature map S at position (i, j) is 

calculated by: 

S(i, j) = ∑(𝐼 ∗ 𝐾)(𝑖, 𝑗) ∑ I(i − m, j − n)K(m, n)                                  (4)

⬚

𝑛

⬚

𝑚

 

 
 

 

 
Figure 3.3.4   CNN model Architecture. (Taken from Ismail et al., 2023) 
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3.4 Model Evaluation Matrix 

 

The metrics used for: 

 

 
 

               

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁 

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝑇𝑃𝑅) = 
𝑇𝑃 

𝑇𝑃+𝐹𝑁 

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝑇𝑁𝑅) = 
𝑇𝑁 

𝑇𝑁+𝐹𝑃 

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑃𝑅) = 
𝐹𝑃 

𝐹𝑃+𝑇𝑁 

𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑁𝑅) = 
𝐹𝑁 

𝐹𝑁+𝑇𝑃 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 
𝑇𝑃 

𝑇𝑃+𝐹𝑃 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2× 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 
 
 

                               𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑁

𝑖=1 𝑖 −  ŷ|

 
 

 
 (5) 

 (6) 

 (7) 

 (8) 

 (9) 

(10) 
 
(11) 

 
 

(12) 
 
 

 

  
The percentage of Face images that are correctly classified among all evaluated 

images is called accuracy. 

Precision measures the proportion of gender cases that are correctly 

predicted.  

Recall refers to the model's ability to detect all true gender cases. 

The F1-score is a balanced metric, calculated as the harmonic mean of 

precision and recall. 

MAE measures the average magnitude of errors in a set of predictions, without 

considering their direction.
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CHAPTER 4 

 

 

 

RESULTS 

 

 

 

4.1       Result Analysis 

 

This chapter presents experimental results obtained by 

implementing various deep learning models for XAI based predicting age, 

gender and bias analysis. To ensure a comprehensive evaluation, four 

widely used object detection frameworks: EfficientNetB0, MobileNetV2, 

SuffelNetV2, and normal CNN are applied to the collected dataset. The 

performance of these models is systematically evaluated using standard 

evaluation metrics such as accuracy, precision, recall, and F1-score also 

determined the region importance (Zone: Forehead, Mid face, Jaw) and bias 

analysis. A comparative analysis is conducted to determine the relative 

strengths and weaknesses of each model to identify the most effective 

method for reliable for XAI-based predicting age, gender, bias analysis. 

 

4.1.1  Proposed Model (EfficientNetB0) 

 

 
 

Figure 4.1.1 EfficentNetB0 Epoch Training Time Graph 
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Figure 4.1.2 EfficentNetB0  Classification (for gender) Confusion Matrix 
 
 
 

Table 6.4   EfficentNetB0 Model Gender Classification Report 

 

 

 

Class TP TN FP FN TPR/ 

Recall 

FPR TNR 

Specif

icity 

FNR Accuracy F1-Scotr Precision 

Male 629 641 62 68 0.902 0.088 0.912 0.098 0.907 0.906 0.910 

Female 641 629 68 62 0.912 0.098 0.902 0.088 0.907 0.908 0.904 

Overall 641 629 68 62 0.912 0.098 0.902 0.088 0.907 0.908 0.904 
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Figure 4.1.3     EfficentNetB0 Regression (MAE for age) chart 
 
 
 
 

Table 6.5   EfficentNetB0 Model Age Regression Report: 

 

 

Class MAE 

Male 7.07 

Female 8.37 

Overall 7.07 

 

 

Table 6.6 EfficentNetB0 Model Gender Classification Demographic Parity Report: 

 

Class Parity 

Male 49.8% 

Female 50.2% 
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Table 6.7   EfficentNetB0 Model Zone Importance Report: 
  

Important Zone Gender Prediction(in avg) Age Prediction(in avg) 

Forehead High (around 60%) High (around 50%) 

Midface nan nan 

Jaw nan nan 

 
 
 

 

The EfficientNetB0 model that I proposed has high overall classification accuracy 

of 90.7%, but with closer analysis of errors distribution. We can find that there are 

slight difference between False Negative Rate and False Positive Rate: FNR for 

female class is slightly less than FNR for male class (0.088 vs. 0.098), which means 

that there is a little bias in the model's ability to identify true female samples, while 

FPR is slightly less than that for male class (0.088 vs. 0.098).It meaning that there 

are fewer false positive .Critically, the age regression task reveals an extreme 

predictive bias and absence of Group Fairness in that the Mean Absolute Error 

(MAE) for females (8.37) is significantly higher - by 1.30 years - than the MAE 

for males (7.07). Furthermore, explainable AI (XAI) analysis shows a serious 

weakness. The model's decision-making relies too much on the forehead region 

(60% in gender, 50% in age prediction) and no weight is evident in the midface 

and jaw region. This hyper-localized focus makes the model more brittle and 

implies that the successful performance is precariously dependent on features that 

are extracted from one narrow zone of a facial region. For this model, may be 

needed more training data or improved feature learning. 
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Figure 4.1.4 Training metrics heat map visualization of the EfficientNetB0 model 
 
 

 

 
 
 
 

Figure 4.1.5 Training metrics (First few rows) of the EfficientNetB0 model 
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Figure 4.1.6   Gender Accuracy Time Series of the EfficientNetB0 model 
 

 

 
Figure 4.1.7  Age MAE Time Series of the EfficientNetB0 model 
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Figure 4.1.8 Loss Curve of the EfficientNetB0 model 

 
 
 

 
 

Figure 4.1.9 Gender ROC Curve of the EfficientNetB0 model 
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Figure 4.1.10   Gender PR Curve of the EfficientNetB0 model              
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4.1.2 MobileNetV2 

 

 
 
 

Figure 4.1.11 MobileNetV2 Epoch Training Time Graph 

 

 

   
 

 

Figure 4.1.12 MobileNetV2 Classification (for gender) Confusion Matrix 
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Table 6.8   MobileNetV2 Model Gender Classification Report 

 

 

Class TP TN FP FN TPR 

Recall 

FPR TNR 

Specificity 

FNR Accuracy F1-

Score 

Preci

sion 

Male 640 594 109 57 0.918 0.155 0.845 0.082 0.887 0.900 0.856 

Female 594 640 57 109 0.845 0.082 0.918 0.155 0.887 0.880 0.912 

Overall 640 594 57 109 0.882 0.118 0.882 0.118 0.887 0.890 0.918 

 

 

 

 

 

 
 
 
 

Figure 4.1.13 MobileNetV2 Regression (MAE for age) chart 
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Table 6.9   MobileNetV2 Model Age Regression Report: 

 

 

 

 

Class MAE 

Male 10.27 

Female 11.92 

Overall 10.27 

 

 

 

 

Table 6.10 MobileNetV2 Model  Gender Classification Demographic Parity Report: 

 

 

 

Class Parity 

Male 49.8% 

Female 50.2% 

 

 

 

 

Table 6.11   MobileNetV2 Model Zone Importance Report: 

 

 
  

 Important Zone Gender Prediction(in avg) Age Prediction(in avg) 

Forehead Very Low (around 3%) Very Low (around 3%) 

Midface Low (around 13%) Very Low (around 1.1%) 

Jaw nan nan 
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Thus, I was examining the MobileNetV2 outputs and, frankly speaking, it is not as 

successful as the predecessor in general classification. It is in fact higher in Accuracy 

(0.887) and bigger in class imbalance, but that is because its F1-Score (0.900) and 

Recall (0.918) score higher in male class. The fact that makes me really annoyed is 

that it has better False Positive Rate (FPR) in the female class (0.098 vs. 0.155). And 

the age regression is really poor, it is highly biased with mean absolute error (MAE) 

of 11.92 in females and 10.27 in males a difference of 1.65 years, and worse in Group 

Fairness than EfficientNetB0. On the same way this model gives more parity in female 

classification (49.8%) than male classification (50.2%). On one hand, the report of 

XAI in MobileNetV2 reveals that it does not have one weakness. The importance of 

features is decentralized (only 3 percent is to the forehead and 13 percent to the 

midface) and thus there is no single bad spot, but rather the inner processes are less 

understandable. All in all the performance degrades of both regression and 

classification accuracy. 

 
 
 
 
 

 
 

Figure 4.1.14 Training metrics heat map visualization of the MobileNetV2 model 
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Figure 4.1.15 Training metrics (First few rows) of the MobileNetV2 model 
 
 
 
 
 
 

 
 
 

Figure 4.1.16  Gender Accuracy Time Series of the MobileNetV2 model 
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Figure 4.1.17 Age MAE Time Series of the MobileNetV2 model 

 

 
Figure 4.1.18   Loss Curve of the MobileNetV2 model 
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Figure 4.1.19 Gender ROC Curve of the MobileNetV2 model              

 

 

Figure 4.1.20  Gender PR Curve of the MobileNetV2 model 
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4.1.3 ShuffleNet V2 

 

 

 

 

Figure 4.1.21 ShuffleNet V2 Epoch Training Time Graph 

 

 

   

 

 

 
Figure 4.1.22 ShuffelNetV2 Classification (for gender) Confusion Matrix 
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Table 6.12   ShuffelNetV2 Model Gender Classification Report 

 

 

Class TP TN FP FN TPR 

Recall 

FPR TNR 

Specif

icity 

FNR Accuracy F1-

Score 

Precision 

Male 180 190 79 50 0.783 0.293 0.707 0.217 0.741 0.749 0.695 

Female 190 180 50 79 0.707 0.217 0.783 0.293 0.741 0.743 0.790 

Overall 190 180 50 79                       0.745 0.255 0.745 0.255 0.741 0.746 0.790 

 

 

 

 

 

 
 
 

Figure 4.1.23  ShuffleNet V2 Regression (MAE for age) chart 
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Table 6.13   ShuffelNetV2  Model  Age Regression Report: 

 

 

 

 

 

 

Table 6.14  ShuffleNet V2 Model  Gender Classification Demographic Parity Report: 

Class Parity 

Male 46.1% 

Female 53.9% 

 

 

 

 

Table 6.15   ShuffleNet V2 Model Zone Importance Report: 
  

Important Zone Gender Prediction(in avg 3) Age Prediction(in avg 3) 

Forehead Mid (around 27%) Very Low (around 8%) 

Midface nan nan 

Jaw nan nan 

 
 
 

 

ShuffleNet V2 is much worse than EfficientNetB0, with only 0.741 accuracy. It 

appears to have problems, especially with the gender classification aspect, where it 

exhibits a strange trend of misconduct. Although it is accurate in the number of real 

males identified (recall of 0.783), it continues to produce a colossal number of male 

false positives (0.293 versus 0.217 of the female class). This, in practice, misclassifies 

Class MAE 

Male 15.56 

Female 18.42 

Overall 15.56 
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many of the real females as male.  As far as age prediction is concerned, the model is 

off by a good margin for both sexes. Both error rates are high; however, the female 

MAE is 18.42, and this is 2.86 years lower than the 15.56 MAE of males—the largest 

difference between all the models that we applied. So on top of mere accuracy, it is 

most unjust, particularly to women. In the same way, this model gives more parity in 

female classification (53.9%) than male classification (46.1%).  The ShuffleNetV2 is 

in the middle of the bell curve with XAI. It primarily focuses on the forehead (60% 

gender importance), just as EfficientNetB0 does; however, it gives a medium gender 

importance to the forehead (27%) and very minor importance to age (only 8%). It 

simply disregards the midface and the jaw depicted by the NaN values. Consequently, 

the model does not actually perform well or make sense; it is more or less like an 

average, risk-based model in comparison to the much more precise single-zone-

dependent EfficientNetB0. 

 
 

 
 
 
 
 
 

Figure 4.1.24 Training metrics heat map visualization of the ShuffleNetV2 model 
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Figure 4.1.25 Training metrics (First few rows) of the ShuffleNet V2 model 

 

 

 

 

 
 
 

Figure 4.1.26 Gender Accuracy Time Series of the ShuffleNet V2 model 
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Figure 4.1.27  Age MAE Time Series of the ShuffleNet V2 model 

 

 

 
Figure 4.1.28  Loss Curve of the ShuffleNet V2 model 
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Figure 4.1.2 9  Gender ROC Curve of the ShuffleNet V2 model 

 
 

 

 
 
 

Figure 4.1.30   Gender PR Curve of the ShuffleNet V2 model 
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4.1.4 Custom CNN 

 

 
 

Figure 4.1.31 Custom CNN Epoch Training Time Graph 

 

 

 

 

 

 

 

 

 

Figure 4.1.32 Custom CNN Classification (for gender) Confusion Matrix 
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Table 6.16   Custom CNN Model Gender Classification Report 

 

 

 

Class TP TN FP FN TPR 

Recall 

FPR TNR 

Specificity 

FNR Accuracy F1-Score Precision 

Male 314 372 56 56 0.849 0.131 0.869 0.151 0.859 0.865 0.849 

Female 372 314 56 56 0.869 0.151 
 

0.849 0.131 0.859 0.868 0.869 

Overall 372 314 56 56 0.859 0.141 0.859 0.141 0.859 0.867  
0.869 

 

 

 

 

 

 
 
 

Figure 4.1.33  Custom CNN Regression (MAE for age) chart 
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Table 6.17   Custom CNN Model Age Regression Report: 

 

 

 

Class MAE 

Male 12.72 

Female 11.78 

Overall 11.78 

 

 

 

 

 

 

 

Table 6.18 Custom CNN   Model and Gender Classification Demographic Parity 

Report: 

 

 

 

 

 

 

Table 6.19   Custom CNN Model Zone Importance Report: 

 

 
  

Important Zone Gender Prediction(in avg 3) Age Prediction(in avg 3) 

Forehead High(around 49%) Mid(around 40%) 

Midface nan nan 

Jaw nan nan 

 
 
 

 

Class Parity 

Male 46.4% 

Female 53.6% 
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The Custom CNN Model possesses significantly lower classification accuracy in 

comparison with EfficientNetB0 with 0.859 and 0.907 respectively. Nonetheless, it 

has a rather balanced distribution of F1-score (0.865 and 0.868, respectively). 

Conversely, the error profile is slightly more one-sided: the rate of false-positives in 

the female class is larger (0.151) than the male one (0.131). Interestingly, in the case 

of age regression, there is a group-fairness problem: MAE of males (12.72) is 0.94 

years greater than that of females (11.78) and this indicates that the Custom CNN is 

more effective at presuming the age of a female. However, on the whole, both male 

and female MAEs remain very poorer than that of EfficientNetB0 (7.07 and 8.37). On 

the same way this model gives more parity in female classification (53.6%) than male 

classification (46.4%). In the case of explainable AI, Custom CNN also acts like 

EfficientNetB0, where much feature weight is placed on the forehead (49) -gender, 

40) age). Nevertheless, this emphasis is not as excessive as the 60 proportion gender 

significance in EfficientNetB0. Bottom line: the Custom CNN has a little more 

balanced classification statistics and a slightly weaker XAI fragility, but is otherwise 

less accurate and has more regression errors that is why it is worse in comparison to 

the best-performing EfficientNetB0. 

 
 
 

 
 
 
 

Figure 4.1.34 Training metrics heat map visualization of the Custom CNN model 
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Figure 4.1.35 Training metrics (First few rows) of the Custom CNN model 

 

 

 

 
 

 
 
 

Figure 4.1.36  Gender Accuracy Time Series of the Custom CNN model 
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Figure 4.1.37   Age MAE Time Series of the Custom CNN model 

 

 

 

 

 
Figure 4.1.38   Loss Curve of the Custom CNN model              
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Figure 4.1.39 Gender ROC Curve of the Custom CNN model     
          

 
 

 
 
 
 
 
 

 Figure 4.1.40   Gender PR Curve of the Custom CNN model       
 
 



©Daffodil International University 71  

4.2   Visualization 

 

 

 

 

 
 

Figure 4.2.1 Examples of output of EfficientNetV2 Model Gender and Age                    

                         Prediction. 
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               TPR_ Male = 0.90, TPR_ Female = 0.91, 
 
 

Figure 4.2.2 Output of EfficientNetB0 Model Demographic Bias 

 

 
 

Figure 4.2.3 Output of  EfficientNetB0 Model Demographic Parity 
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Figure 4.2.4 Output of  EfficientNetB0 Model Gender Bias Analysis Graph. 

 

 

 

 
 
 

Figure 4.2.5 Output of  EfficientNetB0 Model MAE Fairness
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Zone importances: {'Forehead': np.float32(0.60815), 'Midface': 

np.float32(nan), 'Jaw': np.float32(nan)}  

 

 
Zone importances: {'Forehead': np.float32(0.43339884), 

'Midface': np.float32(nan), 'Jaw': np.float32(nan)}  

 

Figure 4.2.6 Output of  EfficientNetB0 Model  Gradcam/XAI  optimized zones 
(for Gender and Age prediction)
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4.3   Discussion 

 

Table 6.20    All models comparison summary 

 

 
 

When we consider all the four models simultaneously, it is obvious to observe the 

difference in performance and also the ease with which they can be interpreted. 

EfficientNetB0 is practical the best, and has the lowest age MAE and the greatest 

gender accuracy, precision, recall, F1 score, and XAI score. The feature-importance 

map of it is particularly good on the forehead and this makes it feel reliable and 

transparent. In addition, it reduces both bias in age estimation and gender 

misclassification more than the other one, thus its forecasts are more reasonable 

between various groups. 

MobileNetV2 isn’t far behind. It has good performance in the majority of measures 

and its XAI score indicates that it is somewhat interpretable. However, its age MAE 

is a little higher implying that it is less predictive at age than EfficientNetB0. Still fair 

on average but MobileNetV2 is more likely to be fooled into making more substantial 

errors in odd cases. 

ShuffleNetV2 is not so good. It is aged and its MAE is highest and the gender accuracy 

is lowest and its precision and recall are also low. The low XAI score indicates that it 

is a poor self-explaining variable and might be discriminatory towards some groups. 

That is why ShuffleNetV2 is not an appropriate option when it is important to have 

accuracy and fairness. 

Custom CNN is a decent job. It has a higher age MAE and a higher gender accuracy 

as compared to ShuffleNetV2, but not as the first two. It is average to interpret and its 

equity is also reasonable, though not great in any of the aspects. It may be a sensible 

point of reference however it does not have a defined strength. 

 

Model Age 

MAE 

Gender 

Acc. 

Precision Recall F1 XAI 

Optimization 

EfficientNetB0 7.07 90.71 90.40 91.20 90.80 high 

MobileNetV2 10.27 88.70 91.80 88.20 89.00 moderate 

ShuffleNetV2 15.56 74.10 79.00 74.65 74.60 low 

Custom CNN 11.78 85.90 86.90 85.90 14.1 mid 
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Simply put, EfficientNetB0 is ranked first followed by MobileNetV2 and Custom 

CNN and finally ShuffleNetV2. Not only is EfficientNetB0 the most predictive but it 

is also more explainable and less predictive bias, which is why it is the most reliable 

and just in this comparison. 

 

Here, 
 

        EfficientNetB0 > MobileNetV2 > Custom CNN > ShuffleNetV2  
 

Table 6.21    All models comparison summary (Bias and Fairness) 

 
 

 
 

 
 
 

 
 

 
 

The table discusses four models based on the dataset balance, the gender classification 

true positive rate (TPR), and the error of age estimation (MAE) of male and female 

groups. EfficientNetB0 demonstrates almost balanced sex ratios of males and females 

in the data set and near equal TPRs of both sexes, as well as the lowest age MAE 

values of both sexes, indicating high levels of group fairness in age prediction. The 

balance and close TPR of MobileNetV2 are similar, with slightly higher MAE scores 

indicating marginally lower age fairness but reasonably constant with genders as well.  

 

There is a higher imbalance in demographic parity that is found in the Custom CNN, 

and the TPR between males and females is larger with significantly higher values of 

MAE, which presupposes a greater prejudice and low reliability of the age estimation 

of both groups. ShuffleNetV2 is the worst on average: it has the most uneven 

demographic parity (with an underrepresentation of males in particular), the lowest 

TPRs, and significantly higher age MAE of both gender, indicating an indication of 

significant fairness concerns as well as inadequate predictive accuracy. To recap it all, 

using parity, TPR, and age MAE as the three fairness measures, the EfficientNetB0 

(best), MobileNetV2, Custom CNN, and ShuffleNetV2 were ranked as the most fair 

and accurate, respectively 
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nCHAPTER 5 CONCLUSION 

 

5.1 Findings & Contributions 

 

The study will entail a rather straightforward comparison of four deep-learning 

models, namely, EfficientNetB0, MobileNetV2, ShuffleNetV2, and a Custom CNN, 

to infer age and gender on the basis of faces. It is a cool thing that EfficientNetB0 is 

winning the entire contest: it has the minimum age error (MAE) and the overall 

highest gender accuracy. It is also higher in the precision, recall and F1 scores as 

compared to others, hence it appears strong in the face analysis in real world. 

Moreover, its XAI tweaks continue to point to the most important spots of the face 

such as the forehead, which does aid in understanding why it is making such guesses. 

 

The second competitor is MobileNetV2; it has good accuracy but the age estimates 

are a little bit inaccurate. ShuffleNetV2 is the least good one, it does not have high 

accuracy and has high age error, thus cannot be used seriously. The Custom CNN 

performs fairly well on most measures and can be used as a reference, but it can hardly 

compete with the more sophisticated ones. 

 

We were keen on prejudice and justice towards all the models. EfficientNetB0 is less 

biased in age and gender prediction across groups and ShuffleNetV2 is characterized 

by a prominent lack of symmetry. And with XAI, more explainable models are also 

less biased. 

 

The lesson learned here is that EfficientNetB0 can provide accurate, strong, and fair 

face analysis. It is very accurate and explainable thus a good go-to tool in both school 

assignments and professional tasks that require recognition of facial features. The 

paper also indicates the significance of XAI in maintaining transparency of features 

and reducing bias. 

 

Lastly, this evidence discusses the influence of a model in fairness. The findings can 
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assist the researchers and the classmates, who desire less partisan and more articulate 

models, in having more reliable and equilibrium-oriented results in carrying out 

sensitive work. 

 

 
5.2 Recommendations for Future Works 

 

A larger dataset and demographic diversity (balance of age and gender) should be 

used in future studies to enhance the robustness of the model, as well as minimize 

bias even more. 

 

The EfficientNetB0 model had a high gender classification score (90.71) and a 

moderate age estimation score (MAE 7.9). Running the model on more in-the-wild 

images and different ethnic/demographic groups will assist in proving the 

generalizability. 

 

Bias analysis of group wises revealed that the TPR of male = 0.90 and female = 0.912. 

Further research and practice towards more sophisticated approaches to fairness 

training and the measurement of subgroup fairness should be welcomed in the future 

in order to have fair performances. 

 

The results of GradCAM showed that, the model primarily targets the forehead area 

when estimating age and gender. To enhance interpreting the model decisions and 

exposing possible biases in facial attribution, the development of region-based or 

multi-modal XAI procedures may be beneficial. 

 

Though EfficientNetB0 is already quite lightweight, it will be easy to consider even 

smaller or more mobile-friendly variants of the model when it will be deployed on a 

limited-resources device. 

 

Further improvements in the age and gender prediction using EfficientNetB0 should 

be compared with transformer-based models or multi-task architecture in future 

research. 
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In order to gain more credibility and practical significance, it is suggested that 

cooperation with the social scientists should be considered in order to test the model 

fairness and interpretability in the real-life context. 

 

It is possible to use synthetically generated faces, to use advanced augmentation, as 

well as adversarially robust training to achieve better resilience to a wide range of 

situations.
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APPENDICES 

 

 

 

Appendix A:  Dataset Availability 

 
Dataset Link: https://www.kaggle.com/datasets/jangedoo/utkface-new 

 

 

 

     Appendix B : Age VS Gender Boxplot 

 

 

 



©Daffodil International University 84  

     Appendix C: Age Distribution by Gender 

 

 

   

 
 

 

         Appendix D: Age and Gender Encoded 
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         Appendix E: Gender Count by Age group 
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