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Random Forest) for gender classification from passport images. A dataset of 125
passport images (50 male, 75 female) was used. Embeddings were extracted using
the pre-trained models and then fed into the classifiers. Performance was
measured using accuracy, precision, recall, F1-score, and AUC. The results show
that Logistic Regression combined with VGG-19 embeddings achieved the best
performance, with an AUC of 0.993, outperforming more complex classifiers such

= as Neural Networks and Random Forest. This finding suggests that high-quality
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Y embeddings can make the classification task nearly linear, reducing the need for

complex models. However, the small dataset size and domain-specific nature of
passport images limit generalizability, and future research on larger, more diverse
datasets is recommended.
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1. Introduction

Automatic gender classification is a vital component of biometric systems due to its broad
applications in identity verification, surveillance, and demographic profiling. Specifically, in the context
of passport authentication, gender prediction from photographs enhances system reliability by
providing an additional verification layer beyond textual data [1]. Moreover, this additional verification
is especially useful in preventing identity fraud, where attackers may attempt to alter passport attributes
while leaving the photo intact. As a result, facial analysis serves as a safeguard against tampering and
helps improve automated border management efficiency [2]. However, developing reliable gender
classification models for passport documents is challenging because of the standardized format of
images, neutral expressions, and controlled lighting conditions, which reduce variability in the data. In
addition, image compression artifacts and scanning noise in digital passport systems can degrade the
quality of facial features, limiting classification accuracy [3]. Therefore, these challenges make gender
recognition from document-based images an open problem in computer vision and biometrics that
continues to attract research attention worldwide.

Research on gender classification has evolved significantly over the past two decades,
transitioning from handcrafted feature-based approaches to modern deep learning methods. Initially,
early studies relied on extracting geometric and appearance-based features such as Local Binary
Patterns (LBP), Gabor wavelets, and Histogram of Oriented Gradients (HOG), which were later
processed using classifiers like k-Nearest Neighbors (k-NN), Naive Bayes, or Support Vector Machines
(SVM) [1], [4]. Although these approaches achieved reasonable results under constrained settings, they
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struggled with illumination changes, occlusions, and facial variations across demographics.
Consequently, their effectiveness in real-world environments remained limited. With the advent of
deep learning, however, Multi-Layer Perception (MLP), a type of artificial neural network, transformed
the field by enabling automatic feature learning directly from raw data [5]. Notably, architectures such
as VGG16 and VGGI19, have demonstrated superior results on benchmark datasets like LFW,
outperforming traditional methods by large margins [6]. Furthermore, embedding-based models such
as Inception V3 have been introduced, offering low-dimensional but highly discriminative
representations that capture both identity and gender-related attributes [7]. Thus, these advancements
highlight the growing effectiveness of deep feature representations in gender classification.

Building on the success of CNNs, researchers have explored hybrid approaches that combine
deep feature extractors with classical machine learning classifiers. In this regard, models like VGGI16,
VGG19 and InceptionV3 are often used to extract embeddings, which are then passed to classifiers such
as Logistic Regression, SVM, Neural Networks, or Random Forest [8], [9]. This strategy allows for
balancing the strengths of deep models, which capture complex features, with the robustness of
traditional classifiers that often generalize well in limited-data scenarios. For instance, Logistic
Regression has been used as a lightweight classifier for real-time applications, while SVM and Random
Forest trained on embeddings have shown superior performance in distinguishing male and female
categories in constrained datasets [10]. On the other hand, Neural network classifiers extend this
approach by modeling nonlinear relationships, enabling them to capture subtle facial differences that
correlate with gender [11]. Altogether, these hybrid strategies demonstrate that feature extraction and
classification can be decoupled to create more flexible and efficient systems for gender prediction.

Despite these achievements, most prior studies have been conducted on unconstrained facial
image datasets, which may not accurately reflect the standardized conditions of passport photographs.
For example, popular datasets such as CelebA, FERET, and Adience contain significant variation in
pose, lighting, and expression, which helps train robust models but does not replicate the uniform
constraints of document-based images [1]. By contrast, passport photographs typically have uniform
backgrounds, frontal poses, and consistent lighting, which reduce intra-class variation and make
classification more challenging. Consequently, models trained exclusively on unconstrained datasets
may fail to perform optimally on document-quality images.

Moreover, there is a limitation in the literature is the lack of comparative benchmarking across
multiple feature extractors and classifiers under the same experimental conditions. Previous research
has shown that neural network classification models can achieve state-of-the-art accuracy of 99.20% for
classifying gender from facial images [12]. Another study demonstrated that the VGG-16 embedding
model achieves superior accuracy in classifying gender from facial images [13]. Further research has
shown that for gender recognition based on voice, the Random Forest classification model outperforms
Logistic Regression [14]. Similarly, in text-based gender classification, Random Forest again
outperforms Logistic Regression [15]. While some works evaluate CNNs or embeddings independently,
few studies analyze their combined performance specifically for passport-based gender recognition.
Therefore, this gap underscores the need for the present study to systematically evaluate various
classification approaches under standardized document conditions, specifically focusing on passport
images.

To address these gaps, the present study systematically evaluates various classification
approaches under standardized document conditions, specifically focusing on passport images. This
study proposes a comparative evaluation of three prominent feature extraction methods, InceptionV3,
VGG-16, and VGG-19 embeddings, combined with Logistic Regression, SVM, Neural Network, and
Random Forest classifiers. Through this approach, the study aims to determine the most suitable
combination for gender classification from passport documents. This research offers several key
contributions to the field. Unlike previous studies, which focus primarily on unconstrained face
datasets, this study emphasizes document-quality images, ensuring practical applicability in real-world
verification systems [16]. Furthermore, the study provides a systematic benchmarking of different deep
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learning feature extractors paired with classical classifiers to identify the optimal configuration for

limited-variance datasets. In addition, the research examines not only classification accuracy but also

computational efficiency, which is critical for deployment in high-throughput border control systems

where decisions must be made in real time. Thus, this dual focus on accuracy and efficiency enables the

study to contribute both theoretically to the field of gender classification and practically to biometric
verification technologies.

2. Method

The research workflow of this study consists of five main stages, as illustrated in Figure 1. The
process begins with data collection, where a total of 125 passport images, comprising 50 males and 75
females are gathered and standardized to ensure uniformity in analysis. Next, in the image embedding
stage, three pre-trained convolutional neural network models —Inception V3, VGG-16, and VGG-19—
are employed to extract deep feature representations from the images using transfer learning. These
embeddings are then utilized in the image classification stage, where four machine learning algorithms,
Logistic Regression, Support Vector Machine (SVM), Neural Network (Multi-Layer Perception), and
Random Forest, are applied to perform gender prediction based on the extracted features. The result
analysis stage involves evaluating and comparing model performance using various metrics, including
accuracy, precision, recall, and F1-score, to determine the most effective combination of embedding and
classifier. Finally, the conclusion stage summarizes the key findings, discusses their implications for
gender classification research, and suggests potential directions for future studies.

Research Workflow

STEP 1: STEP 2: STEP 3:

DATA COLLECTION: IMAGE EMBEDDING: IMAGE CLASSIFICATION: STEP 4: STEP 5:

Male & Female Passport Inception V3, VGG-16, & Inception V3, VGG-16, & RESULT ANALYSIS
images VGG-19 VGG-19

CONCLUSION

Fig. 1. Research Workflow.

2.1 Data Collection
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Fig. 2. male & female passport datasets

The dataset used in this study consists of passport images of male and female individuals in .jpg
format, obtained from the author's private collection. A total of 50 male passport images and 75 female
passport images were collected for analysis. To ensure compatibility with the embedding models used,
the author performed preprocessing by standardizing all image sizes. The images were resized to 300 x
210 pixels. Since the objective of this research is to perform gender classification, each image was
systematically organized into separate folders based on gender. This organization facilitates the training
and evaluation process of the classification models by providing clearly labeled data, allowing the
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algorithms to effectively learn and differentiate between male and female characteristics from the
extracted embeddings.

2.2 Image Embedding

In this study, image embeddings were employed to transform passport photographs into structured
numerical representations that capture essential visual features. The embeddings were generated using
three pre-trained models, Inception V3, VGG-16, and VGG-19. The InceptionV3 model is known for its
deep architecture that employs inception modules combining multiple convolutional filters of varying
sizes. This design allows the model to capture both fine-grained and large-scale visual details efficiently.
InceptionV3's ability to process features at multiple scales makes it particularly suitable for facial image
analysis, where subtle variations in texture, lighting, and contour are crucial. Previous studies have
demonstrated that InceptionV3 embeddings can provide strong performance in image-based gender
classification, owing to their balanced representation power and computational efficiency [17].

The VGG-16 model utilizes a simpler but deeper architecture characterized by uniform 3x3
convolutional layers. Despite its structural simplicity, VGG-16 has proven highly effective in generating
detailed visual embeddings that capture hierarchical feature relationships. The consistency of its
convolutional design allows for stable feature extraction across varying image conditions. Prior studies
have shown that VGG-16 embeddings perform strongly in gender classification tasks, achieving high
accuracy and robust generalization across datasets [18], [19].

Building upon the VGG-16 architecture, VGG-19 extends the network depth with additional
convolutional layers, enabling it to capture more intricate and discriminative visual patterns. This
added depth enhances the embedding’s capacity to represent complex gender-related facial attributes.
Previous studies has highlighted the superior performance of VGG-19 embeddings compared to
shallower models, particularly in tasks involving subtle facial distinctions [20], [21]. In this study, the
use of VGG-19 is intended to leverage these strengths, providing a comprehensive representation of
facial features for improved gender classification performance.

2.3 Image Classification

This study employed four distinct classification algorithms, namely Logistic Regression, Support
Vector Machine (SVM), Neural Network (Multilayer Perception), and Random Forest, to evaluate how
different modeling approaches perform on gender prediction using passport image embeddings. Each
classifier represents a different methodological family, ranging from linear models to ensemble and
neural approaches, allowing for a comprehensive performance comparison. The goal of including
multiple classifiers was to examine how well each algorithm leverages the discriminative information
encoded in the embeddings produced by InceptionV3, VGG16, and VGG19.

Logistic Regression (LR) is a linear classifier widely used for binary classification tasks due to its
interpretability and computational efficiency. Despite its simplicity, Logistic Regression can perform
competitively when supplied with high-quality features, as demonstrated in previous studies, which
noted that strong embeddings can mitigate its structural limitations [22], [23]. In this research, LR serves
as a baseline to evaluate whether simple linear decision boundaries are sufficient for distinguishing
gender-related facial features within the extracted embeddings. The Logistic Regression used in this
study employs Ridge (L2) regularization with a strength level of C = 1. The use of L2 regularization
prevents large coefficient values, thereby mitigating overfitting [24]. The C = 1 setting indicates a
moderate regularization strength, which balances the trade-off between bias and variance, ensuring that
neither underfitting nor overfitting dominates the model [25]

The Support Vector Machine (SVM), operates by identifying an optimal hyperplane that maximizes
the margin between classes in the feature space. SVM is particularly effective in handling high-
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dimensional data and non-linear relationships through the use of kernel functions. Previous studies has

reported strong SVM performance in image and voice-based gender classification, highlighting its

robustness and generalization capabilities [17], [26]. In this study, SVM was used to test whether

margin-based classification can effectively exploit the separability of embedding features. The SVM

used in this study employed a Cost (C) value of 1.00 and a regression loss epsilon (¢) of 0.10. The RBF

(Radial Basis Function) kernel was used, which is capable of handling non-linear relationships by

mapping data into a higher-dimensional space [27]. Furthermore, the optimization tolerance was set to
0.0010 and the iteration limit to 100.

The Neural Network classifier represents a non-linear model that learns complex feature
interactions through multiple hidden layers. It is capable of capturing intricate relationships between
embedding features that linear models might overlook. Previous studies have shown that neural
networks often outperform traditional algorithms when sufficient data and high-quality features are
available [28], [29]. In this study, the neural network was included to explore whether deeper
representations within the classifier could enhance gender prediction accuracy. The Neural Network
used in this study had 100 neurons in its hidden layer, with ReLU activation function, Adam solver,
and a maximum of 200 iterations. Previous studies have demonstrated that such a configuration can
achieve high accuracy (98%), indicating that it is both optimal and efficient [30].

The Random Forest (RF) algorithm, an ensemble method based on decision trees, was incorporated
for its ability to handle noisy features and reduce overfitting. By aggregating predictions from multiple
trees, Random Forest often provides stable and interpretable results. Previous studies have
demonstrated that RF can perform strongly across various classification domains [22], [26]. In the
context of this study, Random Forest was utilized to determine how ensemble-based decision
boundaries compare with both linear and neural approaches when applied to structured image
embeddings. The Random Forest used in this study employed 10 trees , with a growth control setting
that does not split subsets smaller than 5 samples. Limiting tree growth is particularly useful in
resource-constrained environments or when working with small datasets [31].

2.4 Result Analysis

The result analysis will focus on evaluating the performance of different classifiers across all
embedding models. Evaluation metrics such as accuracy, precision, recall, and F1-score will be used to
measure model performance. The results will then be compared to identify which combination of
embedding and classifier provides the most accurate and balanced performance for gender
classification.

3. Results and Discussion

At a general level, the results reveal a clear trend across all embeddings: Logistic Regression
consistently outperformed the other classifiers in terms of AUC, accuracy, and F1-score. Both SVM and
Neural Networks (MLP) achieved competitive but slightly lower results, whereas Random Forest
lagged significantly behind in every scenario. This suggests that simpler linear models, when paired
with robust embeddings, can surpass more complex classifiers for passport-image gender classification.

3.1 Test and Score for All Embeddings
a) Inception V3

Table 1. Classification performance using Inception V3 embeddings

Model AUC CA F1  Prec Recall MCC
Logistic Regression  0.984 0912 0912 0914 0912  0.819
SVM 0967 0.896 0.895 0.896 0.896 0.782

Neural Network 0981 0.888 0.889 0.888 0.888  0.779
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Random Forest 0905 0.824 0.882 0.824 0.824 0.629

Using the InceptionV3 embeddings as input features, the classifiers demonstrated varying levels of
performance across multiple evaluation metrics. Logistic Regression achieved the highest overall
performance, with an AUC of 0.984, classification accuracy (CA) of 91.2%, and an F1-score of 0.912. Its
precision and recall values were also balanced at 0.914 and 0.912, respectively, resulting in a strong
Matthews Correlation Coefficient (MCC) of 0.819. Support Vector Machine (SVM) achieved competitive
results with an AUC of 0.967, accuracy of 89.6%, and F1-score of 0.895. Although its recall (0.896) was
slightly below Logistic Regression, it still provided a balanced performance profile, reflected in an MCC
of 0.782. The Neural Network classifier followed closely, obtaining an AUC of 0.981 and accuracy of
88.8%. While its precision (0.897) was slightly lower than Logistic Regression, it maintained a
respectable recall of 0.888, yielding an MCC of 0.779. In contrast, Random Forest recorded the lowest
scores across all metrics, with an AUC of 0.905, accuracy of 82.4%, and MCC of 0.629, indicating weaker
discriminative power compared to the other models. Although InceptionV3 with Logistic Regression
achieved moderate results (CA 91.2%), this is lower compared to VGG-based embeddings. This finding
contrasts with previous studies, which reported stronger performance of neural networks and SVM for
image classification tasks [17].

b) VGG-16
Table 2. Classification performance using Inception VGG-16 embeddings
Model AUC CA F1  Prec Recall MCC
Logistic Regression  0.988 0952 0.952 0.953 0.952  0.901
SVM 0.969 0920 0920 0.920 0.920 0.833
Neural Network 0.970 0904 0905 0910 0904 0.808
Random Forest 0957 0.888 0.887 0.890 0.888 0.766

When using VGG16 embeddings, the classifiers demonstrated consistently strong performance,
with Logistic Regression emerging as the top-performing model. Logistic Regression achieved the
highest scores across all metrics, with an AUC of 0.988, classification accuracy (CA) of 95.2%, and an F1-
score of 0.952. Its precision and recall values were nearly identical at 0.953 and 0.952, respectively,
indicating excellent balance between positive prediction and detection rates. Moreover, its Matthews
Correlation Coefficient (MCC) reached 0.901, reflecting robust overall discriminative ability. Support
Vector Machine (SVM) also performed strongly, obtaining an AUC of 0.969 and accuracy of 92.0%. Its
F1-score (0.920), precision (0.920), and recall (0.920) showed well-balanced classification, supported by
a high MCC of 0.833. The Neural Network classifier achieved comparable but slightly lower results,
with an AUC of 0.970 and accuracy of 90.4%. Its F1-score was 0.905, with precision at 0.910 and recall at
0.904, producing an MCC of 0.808. In contrast, Random Forest showed the weakest performance, with
an AUC of 0.957, accuracy of 88.8%, and F1-score of 0.887. Its precision and recall were balanced at 0.890
and 0.888, respectively, but its MCC of 0.766 was lower than all other classifiers, suggesting limitations
in its ability to maintain consistent prediction quality despite a relatively high AUC.

Compared to InceptionV3 embeddings, VGG16 produced markedly higher accuracy and MCC
values across most classifiers, highlighting the stronger discriminative power of VGG16 features for
passport image-based gender classification. Overall, the combination of VGG16 embeddings with
Logistic Regression proved to be highly effective, providing not only the highest classification accuracy
but also the most balanced prediction profile, confirming its suitability for robust gender classification
from passport photographs. This finding differs from previous studies, which reported that Logistic
Regression typically underperforms compared to Neural Networks and Random Forest in complex
classification tasks [22], [23]. In our study, however, the use of VGG16 embeddings appears to enhance
the separability of features, enabling Logistic Regression to outperform more complex classifiers. These
strong results of VGG16 are consistent with prior studies that utilized the same architecture for gender
classification that reported the high discriminative capacity of VGG16-based embeddings [18], [19].
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¢ VGG-19
Table 3. Classification performance using Inception VGG-19 embeddings
Model AUC CA F1  Prec Recall MCC
Logistic Regression  0.993 0.952 0.952 0.953 0.952  0.900
SVM 0.980 0.920 0.919 0925 0.920 0.837
Neural Network 0.990 0944 0944 0946 0944 0.886
Random Forest 0.959 0.888 0.886 0.892 0.888  0.768

Using VGG19 embeddings, the classifiers achieved strong overall performance, with Logistic
Regression emerging as the best-performing model. Logistic Regression obtained an outstanding AUC
of 0.993 and accuracy of 95.2%, along with balanced precision, recall, and F1-score values of 0.952 each.
Its MCC of 0.900 further confirms its ability to produce reliable and well-generalized classifications. The
Neural Network also performed competitively, reaching an AUC of 0.990 and accuracy of 94.4%. With
precision (0.946), recall (0.944), and F1-score (0.944), it provided nearly comparable performance to
Logistic Regression, supported by a high MCC of 0.886. The SVM classifier followed, achieving an AUC
of 0.980 and accuracy of 92.0%. While its precision (0.925) and recall (0.920) were slightly lower than the
top models, its Fl-score of 0.919 and MCC of 0.837 still demonstrate strong classification ability. By
contrast, the Random Forest classifier produced weaker results, with an AUC of 0.959 and accuracy of
88.8%. Its F1-score (0.886), precision (0.892), and recall (0.888) were consistently below those of the other
models, while its MCC of 0.768 reflected limited predictive reliability.

Compared to both InceptionV3 and VGG16 embeddings, VGG19 yielded the highest AUC values
across all classifiers, underscoring its superior feature extraction capability. While Neural Network and
SVM performed well, Logistic Regression with VGG19 embeddings consistently delivered the strongest
and most balanced performance, making this combination the most effective approach for gender
classification in this study. This result aligns with previous studies, which also observed strong
performance of relatively simpler classifiers such as Logistic Regression and Neural Networks when
feature quality is high [28]. The discriminative embeddings of VGG19 likely reduced the complexity of
the classification boundary, favoring Logistic Regression. This aligns with earlier studies which also
demonstrated the superior feature extraction capabilities of VGG19 in gender-related classification tasks
[20], [21].

3.2 Overall Comparison

To provide a clearer perspective, this section compares the performance of all classifiers across the three
embeddings, with a particular focus on AUC as a robust indicator of discriminative ability.
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AUC Comparison by Embeddings and Classifiers
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Fig. 3. AUC comparison

The bar chart comparing AUC values across different classifiers and embeddings highlights
several important trends. Logistic Regression consistently achieved the highest AUC scores for all
embeddings, confirming its robustness as a classifier for gender prediction from passport images.
Specifically, Logistic Regression combined with VGG19 embeddings yielded the best overall result with
an AUC of 0.993, closely followed by VGG16 with 0.988. InceptionV3, while still effective, lagged behind
with a lower peak AUC of 0.984. Neural Networks and Support Vector Machines also produced
competitive results, particularly with VGG-based embeddings, but their AUC values were slightly
below those of Logistic Regression. Random Forest, on the other hand, consistently showed the weakest
performance across all embeddings, with its AUC ranging from 0.905 (InceptionV3) to 0.959 (VGG19).
This comparison makes it clear that VGG-based embeddings, especially VGG19 are more discriminative
than InceptionV3, and that Logistic Regression is the most reliable classifier overall.

Several factors explain why VGG-based embeddings outperformed InceptionV3 in this study.
First, the VGG architecture employs a simple and uniform design consisting of repeated stacks of 3x3
convolutional layers, which enables effective hierarchical feature extraction [32]. This simplicity is
particularly advantageous for passport images that exhibit relatively standardized facial structures.
Second, VGG16 and VGG19 have a larger number of parameters compared to InceptionV3, allowing
them to capture more fine-grained facial features relevant to gender classification, such as jawline shape,
eyebrow thickness, and facial hair patterns [33]. Third, InceptionV3 was designed with multi-scale
feature extraction and computational efficiency in mind, utilizing Inception modules that combine
convolutions of different kernel sizes [34]. While this design is beneficial for complex, diverse datasets
like ImageNet, it introduces unnecessary complexity when applied to small, homogeneous datasets
such as the one used in this study. This added complexity leads to overfitting or suboptimal feature
extraction [35]. Therefore, the relatively simpler yet deeper VGG architectures are better suited for
document-based gender classification tasks.

Interestingly, this outcome contrasts with several previous studies that reported neural networks
and SVM tended to outperform logistic regression in image and voice-based gender classification tasks
[17], [23]. Similarly, another previous studies observed strong performance of Random Forest and SVM
in diverse classification domains [22], [26]. In contrast, the present study demonstrates that logistic
regression, despite its relative simplicity, consistently outperformed more complex classifiers when
combined with VGG embeddings for passport image data. This suggests that the nature of document-
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quality facial imagery may favor models that are less prone to overfitting while still capturing

discriminative embedding features effectively. Similar trends have been observed in other domains.

Previous research found that logistic regression and SVM often remain competitive against more

complex models [22]. In addition, there is also another research that reported neural networks generally

outperform Random Forest in visual classification [26]. Another previous research further emphasized

that, although neural networks deliver high accuracy, logistic regression provides a more efficient and
computationally lighter alternative for structured datasets [29].

The superiority of Logistic Regression over more complex classifiers in this study can be
explained by several factors. Logistic Regression is a linear model that excels when data is well-
represented in a low-dimensional space, such as embeddings generated by pre-trained deep learning
models. These embeddings already capture complex, high-level features, reducing the need for
additional model complexity [36]. In contrast, complex models like Neural Networks and Random
Forest are prone to overfitting on small datasets due to their high capacity to learn noise rather than
underlying patterns [37]. Logistic Regression, being simpler, generalizes better in such cases and
inherently benefits from regularization techniques that help constrain model complexity [38].
Furthermore, studies have shown that simple classifiers like Logistic Regression can achieve
competitive or even superior performance compared to complex models when paired with high-quality
embeddings, especially in resource-constrained or small-data scenarios [39]. Therefore, the combination
of VGG embeddings (which already separate gender-related features in a nearly linear manner) with
Logistic Regression (which acts as a natural regularizer) is particularly well-suited for small,
homogeneous passport image datasets.

3.3 Logistic Regression across Embeddings

As observed from the individual embedding analyses, Logistic Regression consistently
outperformed the other classifiers across all evaluation metrics. To further highlight this trend, Table 4
presents a direct comparison of Logistic Regression performance when applied to InceptionV3, VGGI6,
and VGG19 embeddings. This comparison allows us to clearly identify which embedding provides the
most discriminative representation for gender classification from passport images.

Table 4. Comparison of Logistic Regression Performance across Embeddings
Embedding Best Classifier AUC CA F1 Prec Recall MCC
Inception V3  Logistic Regression 0.984 0912 0912 0914 0912 0.819
VGG-16 Logistic Regression 0.988 0.952 0.952 0.953 0952  0.901
VGG-19 Logistic Regression 0993 0.952 0.952 0.953 0.952  0.900

The comparative analysis across InceptionV3, VGG16, and VGG19 embeddings confirms that
Logistic Regression consistently achieved the best results regardless of the feature extractor employed.
Among the three, VGG19 embeddings combined with Logistic Regression delivered the strongest
performance, attaining the highest AUC (0.993) alongside an accuracy and F1-score of 95.2%. This was
closely followed by VGG16, which achieved an AUC of 0.988 with similarly strong accuracy and F1
performance, indicating that both VGG variants provide highly discriminative representations for
gender prediction from passport photographs. In contrast, InceptionV3 embeddings, while effective,
yielded comparatively lower results, with the best Logistic Regression model reaching an accuracy of
91.2% and an Fl-score of 0.912. Overall, these findings suggest that VGG-based embeddings—
particularly VGG19—are more suitable than InceptionV3 for document-quality gender classification,
with Logistic Regression emerging as the most reliable and efficient classifier.

These results underscore the stability and effectiveness of Logistic Regression across different
embedding strategies. Interestingly, this finding diverges from earlier studies where Logistic Regression
was often reported as less effective for complex data. For instance, Tholeti et al. [23] found that Logistic
Regression achieved the lowest accuracy compared to MLP and Random Forest in voice-based gender
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recognition, while Reznychenko et al. [22] highlighted its limitations in handling non-linear and
complex datasets. Similarly, Kapse et al. [17] emphasized that neural networks and SVM typically
outperform Logistic Regression in image classification tasks. In contrast, the present study shows that
when combined with VGG embeddings, particularly VGG19, Logistic Regression can achieve superior
and consistent performance for passport image classification. This suggests that high-quality
embeddings may mitigate the structural limitations of Logistic Regression, enabling it to rival or even
surpass more advanced classifiers.

To gain further insight, we also presents the confusion matrix of the best-performing
combination, VGG19 with Logistic Regression.

Confusion matrix for Logistic Regression (VGG-19)

Predicted
female male >
Actual female 73 2 75
male 4 46 50
> 77 48 125

Fig. 4. confusion matrix for Logistic Regression (VGG-19)

The confusion matrix in Figure 3 provides a clear view of the classification reliability of the VGG19 +
Logistic Regression model. Out of 75 female samples, 73 were correctly predicted, with only 2
misclassified as male, yielding a high true positive rate for the female class. Similarly, for the 50 male
samples, 46 were correctly identified, with only 4 instances misclassified as female. This results in 119
correct predictions out of 125, corresponding to an overall accuracy of 95.2%. The relatively balanced
distribution of misclassifications between both classes indicates that the model is not biased toward
either gender, but rather achieves robust generalization. A closer look at the misclassification patterns
reveals that male samples were misclassified more frequently (4 out of 50, 8%) compared to female
samples (2 out of 75, 2.7%). This suggests that the model is slightly more accurate in identifying female
faces. These results align with the high AUC, Fl-score, and MCC reported earlier, confirming that
VGG19 embeddings combined with Logistic Regression provide the most reliable and consistent
performance among all tested configurations.

4. Conclusion

This study investigated the effectiveness of different deep learning embeddings —InceptionV3,
VGG16, and VGG19 —combined with multiple classifiers (Logistic Regression, Support Vector Machine,
Neural Network, and Random Forest) for gender classification from passport images. Across all
experiments, Logistic Regression consistently outperformed more complex classifiers, achieving the
highest performance regardless of the embedding used. Among the three embedding strategies, VGG19
proved to be the most discriminative, producing the best overall results when paired with Logistic
Regression, with an AUC of 0.993, accuracy of 95.2%, F1-score of 0.952, and MCC of 0.900.

Comparative analysis further highlighted that VGG-based embeddings, especially VGG19,
provided superior feature representations compared to InceptionV3, enabling Logistic Regression to
surpass more advanced models such as Neural Networks and SVM. This finding contrasts with prior
literature, which often reported higher effectiveness of complex models, but here demonstrates that
high-quality embeddings can compensate for the structural simplicity of Logistic Regression. The
confusion matrix analysis of the VGG19-Logistic Regression model confirmed this robustness, showing
a balanced distribution of true positives and true negatives, with minimal misclassifications. These
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results indicate that combining strong embeddings with a simple yet efficient classifier offers a reliable

and computationally efficient solution for gender prediction in document-quality images such as
passports.

Despite these promising results, this study has several limitations. The dataset was relatively
small (125 images) and obtained from a private collection, which may limit generalizability to more
diverse populations. Additionally, preprocessing was limited to resizing without data augmentation,
and only frontal passport images were used. For future research, we recommend collecting larger and
more demographically diverse datasets, applying data augmentation techniques, exploring modern
architectures such as ResNet, EfficientNet, or Vision Transformer (ViT), and conducting cross-dataset
studies to validate generalizability. Real-time deployment scenarios for passport-based gender
verification could also be explored as a practical extension of this work.
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