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This study addresses the pressing challenge of supervised face recognition under 
unconstrained conditions by systematically integrating classical machine learning, 
deep learning, and transfer learning approaches. While existing literature 
demonstrates significant progress, particularly with hybrid and transfer learning 
models, a gap remains in unified, detailed benchmarking across diverse 
techniques. The primary objective is to holistically compare Support Vector 
Machines (SVM) with PCA, Artificial Neural Networks (ANN), XGBoost, a custom 
Convolutional Neural Network (CNN), MobileNetV2-based transfer learning, and 
stacked hybrid meta-models using the Labeled Faces in the Wild (LFW) dataset. 
The methodology encompasses data preprocessing, parallel feature extraction, 
dimensionality reduction, ensemble learning, and interpretability analysis. 
Experimental results show that stacking hybrid models achieves the highest test 
accuracy (87.9%) and macro ROC-AUC (0.983), with MobileNetV2 transfer 
learning also excelling in sample efficiency and performance. Future research 
should expand interpretability diagnostics and benchmark these pipelines on 
more diverse or occluded datasets for greater real-world applicability. 
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1. Introduction 
 

The rapid advancement of artificial intelligence and machine learning has significantly 
transformed the field of computer vision [1], particularly in the domain of face recognition and image 
classification [2]. Face recognition systems are now widely deployed in diverse applications, ranging 
from security [3] and surveillance to personal device authentication and social media tagging [4]. At 
the heart of these systems lies the challenge of accurately identifying or verifying individuals from 
digital images [5], often captured under unconstrained, real-world conditions. This challenge has 
spurred the development of increasingly sophisticated algorithms that can handle variations in pose, 
illumination, occlusion, and expression. The integration of deep learning, along with Convolutional 
Neural Networks (CNNs) [6], with classical machine learning models such as Support Vector Machines 
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(SVMs) [7], and Artificial Neural Networks (ANNs), has opened new avenues for constructing robust 
and scalable face recognition pipelines. These hybrid approaches [8] [9] leverage the feature 
extraction power of deep learning [10] and the classification strengths [11] of traditional algorithms, 
promising improved accuracy and generalization [12] [13]. 

    A key resource for progress in this field is the availability of large, labeled datasets like the 
Labeled Faces in the Wild (LFW) dataset. The LFW dataset, which includes over 13,000 face images 
of 5,749 individuals [14], is specifically created to support research on unconstrained face 
recognition. Each image in the dataset is labeled with the person's identity, and the collection 
contains multiple images of many individuals, enabling the development and testing of both 
identification and verification algorithms. The images are collected from the web and reflect a wide 
range of real-world conditions, making the dataset a benchmark for evaluating face recognition 
models. Using deep-funneled images enhances the dataset’s effectiveness for accurate face 
verification by aligning facial features more precisely across samples [15]. 

    Modern face recognition systems typically follow a multi-stage pipeline [16]. The process 
begins with face detection, where algorithms such as Haar Cascades [17] or deep learning-based 
detectors identify and localize faces within an image or video frame. Following detection, feature 
extraction is performed to generate a compact digital representation-or "faceprint"-of each face [18]. 
This representation captures key attributes such as the distance between the eyes, the shape of the 
jawline, and other distinctive facial landmarks. In this context, deep learning models-such as custom 
CNNs and transfer learning architectures like MobileNetV2-excel at extracting robust, discriminative 
facial representations from pixel data. Classical classifiers like SVMs [19], used in conjunction with 
dimensionality reduction via Principal Component Analysis (PCA), remain highly effective at 
leveraging extracted features for accurate identity assignment [20]. Ensemble and meta-models, 
such as stacking combinations of SVM and XGBoost, are gaining traction for their potential to harness 
complementary strengths of multiple algorithms. 

    The emergence of transfer learning [21] has further propelled the performance of face 
recognition and image classification [22] systems. Transfer learning enables the adaptation of pre-
trained deep learning models, originally trained on large, generic datasets-to the specific task of face 
recognition by fine-tuning them on domain-specific data such as LFW. This approach not only 
accelerates the training process but also enhances model accuracy by leveraging previously learned 
visual features. In hybrid models, CNNs are often used for feature extraction, while SVMs [23] serve 
as the final classifier, creating a synergistic system that combines the strengths of both paradigms. 
The code which has been used in this study exemplifies this methodology, employing MobileNetV2 
for transfer learning, a custom CNN for direct image classification, and an SVM with PCA for 
traditional machine learning-based recognition. Such hybrid pipelines are evaluated using a suite of 
metrics-including accuracy, precision, recall, F1-score [24], confusion matrices [25], and ROC curves-
to provide a comprehensive assessment of their effectiveness [26]. 

    In summary, the integration of hybrid transfer learning approaches, combining CNNs and SVMs, 
represents strategy for supervised face recognition and image classification [27]. By leveraging large, 
diverse datasets like LFW and employing advanced machine learning and deep learning techniques, 
it can address the inherent challenges of real-world face recognition. Notably, this research 
introduces a comprehensive suite of diagnostics-including per-class error tables, advanced 
visualizations (Grad-CAM, saliency maps), and contrastive supervised CNNs-offering deeper insight 
into model behavior and error analysis [28], than standard benchmarks. This introduction sets the 
stage for an exploration of the methodologies, experimental results, and performance analysis [29], 
that follow.  
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    The basic structure of this paper is as follows. Section 2 reviews the most pertinent recent 
works on machine learning methodologies for face recognition, highlighting advances in hybrid and 
transfer learning models under unconstrained and masked conditions. Section 3 details the overall 
methodology, including unified data preprocessing, the hybrid meta-model framework, and the suite 
of evaluation metrics used for interpretable benchmarking. Section 4 presents the experimental 
results, providing both an integrated comparison of the stacking ensembles hybrid meta-model and 
the performance of individual classical, deep learning, and transfer learning approaches. Section 5 
discusses the empirical findings in depth, including error analysis, per-class diagnostics, and 
interpretability visualizations that reveal strengths and weaknesses of each pipeline. Finally, Section 
6 concludes the paper and offers recommendations for practical deployment and future research 
directions in robust and transparent face recognition systems. 

 
2. Related Works 

 
Hybrid and ensemble approaches have proven effective in boosting the accuracy and robustness 

of face recognition systems. Opanasenko et al. demonstrated that combining algorithms such as 
SVMs and component-based models in an ensemble yields a notable accuracy of 98.84%, 
outperforming the best individual method at 95.31% [30]. Conversely, Shi et al. found that advanced 
multimodal large language models (MLLMs) like GPT4V and Gemini achieved only moderate accuracy 
in face anti-spoofing, with GPT4V reaching 33.1% and Gemini 25.6% in zero-shot settings, indicating 
persistent challenges in generalization [31]. Integrating convolutional neural networks (CNNs) and 
support vector machines (SVMs) has also been shown to enhance face recognition performance. 
Serengil and Ozpinar reported that hybrid CNN-based models such as FaceNet-512d achieved up to 
98.4% accuracy on the LFW dataset, surpassing human-level benchmarks [32]. Tao et al. introduced 
a locality-sensitive SVM that fuses local CNN features, which demonstrated superior robustness to 
occlusion and illumination, outperforming traditional detectors on datasets like CMU+MIT and FDDB 
[33]. 

    The challenge of recognizing masked and unconstrained faces has prompted the development 
of more resilient models. George et al. (2024) introduced EdgeFace, a hybrid CNN-Transformer 
model, achieving 99.73% on LFW and 94.85% on IJB-C [34], while Wang et al. (2023) showed that 
ArcFace’s accuracy drops from 90.66% on MFR-ALL to 72.74% on RMFRD under mask occlusion. This 
highlights the need for hybrid, transfer learning-based approaches that maintain high performance 
in diverse scenarios [35]. 

    Large-scale and practical deployments further emphasize the value of hybrid pipelines. 
Srinivasan et al. (2024) achieved 95% accuracy with an IoT-based OpenCV system for smart hospitality 
[36], while Zhu et al. used the WebFace42M dataset and a hybrid deep learning pipeline to reach 
99.83% on LFW and 97.70% TAR@FAR=1e-4 on IJB-C, significantly reducing masked face error rates. 
Collectively, these works demonstrate that combining CNNs, SVMs, and transfer learning leads to 
superior and more robust supervised face recognition and image classification, motivating the 
analysis undertaken in this study [37]. 

 
3. Methodology   

 
The methodological foundation of this research centers on a comprehensive, comparative 

evaluation of hybrid transfer learning and deep learning approaches for supervised face recognition 
using the Labeled Faces in the Wild (LFW) dataset. Methodologically aligning with standards set by 
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contemporary journals, the study is structured as a sequential multi-stage pipeline: robust data pre-
processing [38], and normalization, hybrid model design and training, implementation of both 
traditional and state-of-the-art neural network architectures, and model evaluation using statistically 
validated metrics. By grounding all experiments within the LFW dataset-widely recognized for its 
challenging unconstrained capture conditions and demographic diversity-this work can facilitate 
direct benchmarking and advance the science of real-world face recognition. The design prioritizes 
fair comparison, cross-validated training/test splits [39], and multiple experimental runs to ensure 
reproducibility and statistical validity. 

    The core models assessed, as shown in Fig. 1 assessed include Support Vector Machine (SVM) 
with Principal Component Analysis (PCA) for feature reduction, Artificial Neural Network (ANN), 
XGBoost, a custom Convolutional Neural Network (CNN), transfer learning with MobileNetV2, and a 
stacked meta-model combining SVM and XGBoost in a mixture framework. Classic machine learning 
pipelines extract and compress features using PCA before classification, capitalizing on SVM’s 
robustness in high-dimensional settings. The custom CNN [40] is architected to learn hierarchical 
representations directly from pixels, while MobileNetV2 [41] leverages pre-trained weights from 
large general-purpose datasets and is fine-tuned for faces from LFW. The stacking meta-model is 
designed to harness complementary advantages of individual algorithms, improving overall 
generalization. All models are trained using stratified splitting, with hyperparameters optimized via 
cross-validation to prevent overfitting and maximize applicability [42]. 
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Fig. 1 Workflow for Performance Analysis of Hybrid Transfer and Deep Learning Approaches. 

 
    Statistical and theoretical rigor underpin the evaluation process, drawing on five foundational 

performance formulas commonly employed in the face recognition literature. These criteria ensure 
interpretability across studies and include: (1) Accuracy [43]: 
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Accuracy =
TP + TN

TP + TN + FP + FN
(1) 

 
 which quantifies the proportion of correct predictions [44]; (2) Precision: 
 

Precision =
TP

TP + FP
(2) 

 
 reflecting the correctness of positive predictions; (3) Recall (Sensitivity): 
 

Recall =
TP

TP + FN
(3) 

 
measuring the ability to detect all positive instances; (4) Specificity [45]: 
 

Specificity =
TN

TN + FP
(4) 

 
indicating the ability to identify negative instances correctly; (5) F1-score: 
 

F1 = 2 ×
Precision × Recall

Precision + Recall
(5) 

 
 offering a balanced harmonic mean; Area Under the ROC Curve (AUC), quantifying classifier 

discrimination capability over all thresholds; and Confusion Matrix analysis, which visually and 
quantitatively details per-class prediction strengths and weaknesses. These metrics are 
complemented by advanced visualizations, including ROC curves and t-SNE feature space 
embeddings, ensuring granular and interpretable analysis for each method. 

    A crucial methodological element lies in the careful adaptation of the LFW dataset. As 
recommended by the literature and dataset authors, the study uses funneled versions of images, 
ensuring optimal facial alignment and feature extraction quality. The dataset used in this report is 
the Labeled Faces in the Wild (LFW) Funneled Dataset. It consists of over 13,000 face images collected 
from the web, each labeled with the name of the person depicted. The dataset is organized into 
folders by individual, with a total of 5,749 identities and at least 1,680 people having two or more 
images. The images are primarily JPEG files, originally sized at 250 x 250 pixels, but often resized for 
analysis (commonly to 62 x 47 pixels for machine learning tasks). Each image is centered on a single 
face and was detected using the Viola-Jones face detector [15]. Preprocessing pipelines ensure 
scaling, normalization, and augmentation (for deep models). Main performance evaluation in this 
study is based on a single split of the dataset into training and test sets. The test set remains separate 
and is used only for the final evaluation to ensure a fair assessment. Although 5-fold splits are used 
internally for some visualizations and for training the meta-model, the overall comparison is 
performed using this train-test division. The experimental protocol routinely compares each 
modeling approach under identical data splits and conditions, allowing for robust, generalizable 
insights into their comparative strengths. 

    This research distinguishes itself through the integrated and evaluation of traditional machine 
learning, deep learning, transfer learning, and collective (stacked meta-model) approaches within a 
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single, detailed framework. While prior studies often isolate specific modeling families or focus on 
homogeneous datasets or metrics, this work fills a gap by concurrently benchmarking hybrid 
pipelines using a comprehensive suite of modern and classic performance measures, under 
consistent and challenging test conditions. This research lies not only in the hybridization strategy-
combining CNN feature extraction with SVM and XGBoost classification-but also in the transparent, 
statistically evaluated design, bridging the gap identified in prior literature for unified, fair, and deeply 
comparative face recognition assessment. The outcomes of this study thus advance both the 
technical and methodological state of the art, supporting the design of future systems and theoretical 
analyses in face recognition. 

 
4. Results 

 
The results of this study provide a comprehensive evaluation of classical, deep, and hybrid 

machine learning models for supervised face recognition on the LFW dataset. Performance is 
assessed using a range of metrics and visualization techniques, including confusion matrices, ROC 
curves, t-SNE projections, and analysis of recognition rates across varying dimensionalities. By  
comparing Support Vector Machines (SVM), Artificial Neural Networks (ANN), XGBoost, custom CNN 
architectures, MobileNetV2-based transfer learning, and composite stacking, the analysis highlights 
both individual strengths and complementarities among these methods. The following section details 
these empirical findings, offering insights into the interplay between model design and real-world 
face recognition challenges. 

    Fig 2 visually summarizes the comparative performance and diagnostic analyses conducted for 
supervised face recognition using hybrid transfer learning and classical machine learning models, as 
detailed in the accompanying image. The top left panel shows the SVM confusion matrix heatmap, 
illustrating class-wise prediction errors and correctly classified samples for the seven-face class LFW 
dataset; this matrix validates that some identities-such as Colin and George-are far less frequently 
misclassified compared to others like Ariel Sharon, revealing disparities due to both class imbalance 
and inherent inter-class similarity (as further highlighted in the normalization and per-class error 
analyses). The top right t-SNE plot projects the high-dimensional SVM feature space into two 
dimensions, revealing the separability of classes in the learned embedding; the observed overlap and 
cluster spread further corroborate the confusion matrix's findings, notably for more confusable 
identities. At lower left and right, dual line plots compare model robustness under dimensionality 
reduction: macro ROC-AUC (left) and recognition rate (accuracy, right) as functions of PCA-reduced 
input feature set size, for SVM+PCA, ANN+PCA, and XGBoost+PCA. SVM+PCA consistently achieves 
the highest AUC and accuracy, demonstrating its strength in leveraging structurally meaningful, low-
dimensional facial embeddings; ANN+PCA performs slightly below but climbs closer as dimensionality 
increases, leveraging its capacity for non-linear feature learning given more information; 
XGBoost+PCA trails both, showing a more variable curve and plateauing at lower recognition rates, 
indicating its relative weakness with linearly-compressed features. Each curve's distinct trajectory 
stems from the unique interplay between model bias-variance tradeoff and capacity for extracting 
discriminative cues under compression: SVM thrives on optimal margin separation in compact 
spaces, ANN benefits from greater dimensionality for feature interaction, and XGBoost, designed for 
tabular, high-cardinality attributes, underperforms on principal component-compressed data. The 
stacking meta-model result, reflected in the figure captions, attests to the Integrated ability to 
consolidate complementary strengths, which achieves superior macro ROC-AUC (0.983) and accuracy 
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(87.9%) by mitigating individual model weaknesses and enhancing generalization across challenging, 
unconstrained face scenarios. 

 
 

Fig 2. Performance, diagnostic comparison, and confusion matrix. 

 
    For providing a comprehensive visual summary of the comparative performance and 

diagnostics for supervised face recognition using hybrid deep learning and classical machine learning 
approaches, as outlined in Fig 3. The upper left ROC curve plot compares the discriminative power of 
four pipelines: SVM+PCA, ANN+PCA, XGBoost+PCA, and their committee stacking. Each curve is 
distinct due to the differing learning strategies-SVM+PCA emphasizes optimal margin separation in 
reduced dimension spaces and achieves the highest area under the curve (AUC=0.98), indicating 
strong generalization after PCA compression; ANN+PCA, equipped with nonlinear activation 
functions, improves as more principal components are included, but is marginally less effective when 
dimensions are low; XGBoost+PCA performs best with higher-cardinality tabular features and 
underperforms after PCA due to loss of granular structure in the features, reflected by its lower AUC; 
the stacking integrates predictions, leveraging complementary strengths and yielding robust, 
superior aggregate performance. The top right confusion matrix visually demonstrates per-class 
trade-offs, highlighting which identities (rows) are most often misclassified as others (columns) and 
revealing underlying dataset imbalance and inter-class similarity; darker cells along the diagonal 
indicate higher correct classification rates for classes with ample data or distinct facial structure. The 
mid and lower panels further dissect SVM performance: the per-class ROC curves (lower left) 
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evidence that certain identities are intrinsically easier to distinguish, curves close to the top left 
reflect stronger discrimination due to pronounced facial uniqueness or larger sample counts.  

 

 
Fig 3. SVM normalized matrix with corresponding ROC curve and per-class precision scores. 

 
 The CNN ROC curves (lower right) show more modest AUCs, attributable to the architectural 

differences: deep CNNs, while powerful, can underperform with limited or imbalanced data. The 
precision-recall-F1 bar plot and sample count histogram contextualize these findings by quantifying 
the relationship between sample availability and classification reliability. Classes with fewer samples 
(e.g., Ariel, Hugo) experience lower F1 scores, while abundant classes (e.g., George) benefit from 
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more stable estimates. The distinct shape and position of each curve or bar in these graphs directly 
stem from model capacity, bias-variance trade-offs, and the effectiveness of feature extraction and 
dimensionality reduction schemes employed in the hybrid recognition pipeline, underlining why no 
single approach or metric suffices for a complete assessment. 

   As shown in Table 1 provides a side-by-side architectural and training performance comparison 
of two deep learning models applied to the LFW face recognition task-a custom Convolutional Neural 
Network (CNN) and a MobileNetV2 transfer learning model. The left panel details the MobileNetV2-
based model, which leverages pretrained weights as a feature extractor (with over 2.25 million 
parameters, nearly all non-trainable), topped by a global average pooling layer and a small fully 
connected classification head. Its training log shows a rapid increase in accuracy, reaching over 91% 
on the train set and approximately 84% on the test set, indicating strong generalization despite 
having just 9,000 trainable parameters. In contrast, the right panel presents the custom CNN, a 
smaller architecture built from scratch with roughly 650,000 entirely trainable parameters, featuring 
stacked convolution, pooling, and dense layers. Although it exhibits good initial learning-reaching 
around 78% validation accuracy-its final accuracy lags behind the transfer learning model. The 
detailed output shapes and parameter counts underline their differences: MobileNetV2’s 
architecture enables it to capture complex, generalizable features with minimal training effort, 
whereas the custom CNN must learn all representations from the ground up, demanding more data 
and epochs to match the transfer model’s effectiveness. These distinctions directly impact test 
accuracy, sample efficiency, and robustness, underscoring why pre-trained, transfer learning models 
consistently outperform classical from-scratch CNNs for real-world face recognition in constrained 
data regimes. 

 
Table 1 
MobileNetV2 and CNN models compared for LFW face recognition. 

MobileNetV2 Transfer Learning Model Summary, CNN 
test accuracy: 0.77 
Model: “functional_24” 

Layer (type) Output 
Shape 

Param # 

input_layer_23 (InputLayer) (None, 
96, 96, 
3) 

0 

mobilenetv2_1.00_96 
(Functional) 

(None, 
3, 3, 
1280) 

2,257,984 

global_average_pooling2d_1 
(GlobalAveragePooling2D) 

(None, 
1280) 

0 

dense_59 (Dense) (None, 
7) 

8,967 

 
Total params: 2,266,951 (8.65 MB) 
Trainable params: 8,967 (35.03 KB) 
Non-trainable params: 2,257,984 (8.61 MB) 

Custom CNN Model Summary-Model: “sequential_18” 

Layer (type) Output 
Shape 

Param # 

conv2d_2 (Conv2D) (None, 48, 
35, 32) 

320 

max_pooling2d_4 
(MaxPooling2D) 

(None, 24, 
17, 32) 

0 

conv2d_3 (Conv2D) (None, 22, 
15, 64) 

18,496 

max_pooling2d_5 
(MaxPooling2D) 

(None, 11, 
7, 64) 

0 

flatten_1 (Flatten) (None, 
4928) 

0 

dense_57 (Dense) (None, 128) 630,912 

dropout_18 (Dropout) (None, 128) 0 

dense_58 (Dense) (None, 7) 903 

Total params: 650,631 (2.48 MB) Trainable params: 
650,631 (2.48 MB) 
Non-trainable params: 0 (0.00 B) 
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This part shows advanced feature visualization, interpretability diagnostics, and contrastive deep 
learning analyses to provide an in-depth assessment of supervised face recognition models using 
both classical and modern deep learning tools, as outlined in  

Fig 4. The top row displays activation maps from the first convolutional layer of a contrastive-
supervised CNN trained on the LFW dataset. These maps visualize how the model’s initial filters 
respond to a sample input, revealing low-level spatial features and intensity gradients that the 
network leverages for primary discrimination. Such early activations capture edges and facial regions, 
providing the building blocks for subsequent abstraction. In the middle row, the Grad-CAM and 
saliency maps offer complementary insights: Grad-CAM highlights the regions within the input most 
influential to the model’s decision (via gradients flowing into the last convolutional layer), while the 
saliency map indicates pixel-level sensitivity by visualizing which input perturbations most alter 
model confidence. Together, these explainability tools validate that, although the model’s focus 
appears diffuse (likely due to pose, occlusion, or LFW’s variability), there remains a structured 
attention pattern corresponding to key internal facial features.  

 
 

Fig 4. Contrastive CNN visualizations, interpretability, and mean feature embeddings for faces. 
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    The accompanying training loss curve (top right), plotted over epochs for three separate 
objectives-cross-entropy (supervised identity loss), and two contrastive losses (latent space 
regularizers)-demonstrates progressive optimization: cross-entropy decreases as the model 
improves its classification accuracy, while the contrastive losses (NT-Xent based) stabilize at lower 
values, guiding the network to learn better feature separation. Each curve’s distinct behavior reflects 
differences in learning dynamics-cross-entropy strictly pursues label classification, whereas 
contrastive losses regularize embeddings by maximizing inter-class separation and intra-class 
consistency under augmentation. 

The bottom left panel in  
Fig 4 presents the first 15 principal components (eigenfaces) produced via PCA on the SVM 

feature space, visualized as “eigenfaces.” These components illustrate the dominant modes of 
variation across facial images in the dataset, with the earliest PCs (e.g., PC 1–5) capturing lighting, 
pose, and coarse geometry, and later PCs introducing finer facial features. The diversity among these 
eigenfaces arises because each PC encodes a unique axis of dataset variability, shaped by LFW’s 
inherent heterogeneity in illumination, expression, and identity. Adjacent to this, the t-SNE 
embedding displays the two-dimensional projection of high-level activation vectors (from the 
contrastive CNN’s penultimate layer) for all test images, each colored by class. This embedding 
visualizes how the model clusters different identities in its learned feature space: ideally, well-
separated clusters indicate strong discriminatory power, while overlapping points expose confusable 
or under-represented classes, a common challenge in real-world, unconstrained facial imagery. 
Finally, the deep learning data summary reports the training and testing dataset shapes, confirming 
a robust experimental setup with hundreds of samples per class, further supporting the 
generalizability of observed outcomes. Collectively, the image encapsulates the experimental focus 
on model interpretability, error analysis, and robust representation learning, illustrating how hybrid 
contrastive-supervised and classical models each contribute unique diagnostic and predictive 
strengths to the overarching LFW face recognition pipeline. The diversity in the detailed visual 
outputs-ranging from low-level activation to manifold topology-arises due to the different purposes, 
inductive biases, and mathematical foundations underlying each model and analytical tool: 
convolutional layers reveal hierarchical image encoding, contrastive loss enforces global feature 
arrangement, eigenfaces reflect global dataset structure, and t-SNE exposes empirical separation in 
learned representations. This holistic approach delivers nuanced insights into system performance 
and model behavior beyond simple accuracy metrics, directly addressing the complexity of 
unconstrained face recognition. 

    The results demonstrate a rigorous and unified empirical comparison of hybrid, classical, and 
deep learning models-including SVM+PCA, ANN, XGBoost, custom CNN, MobileNetV2 transfer 
learning, and a stacked ensemble-for supervised face recognition on the LFW dataset. Using a 
comprehensive range of metrics and advanced visualizations (such as ROC curves, t-SNE embeddings, 
confusion matrices, per-class diagnostics, Grad-CAM, and saliency maps), the study highlights that 
hybrid and transfer learning approaches, particularly combinations of CNN feature extraction with 
SVM/XGBoost classification, deliver superior accuracy and robustness in unconstrained settings 
compared to traditional pipelines. The distinctive novelty lies in the integrated evaluation across 
model families using consistent protocols and modern interpretability tools, which expose nuanced 
model behaviors and error sources that isolated studies often overlook. This holistic framework 
directly addresses a gap in prior literature by offering fair, in-depth benchmarking and diagnostics, 
advancing methodological transparency and readiness in machine-based face recognition. 
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5. Discussion 
 
The experimental results of this study offer a comprehensive perspective on the comparative 

strengths and practical trade-offs among classical machine learning, deep learning, transfer learning, 
and hybrid ensemble meta-model approaches for supervised face recognition in challenging, real-
world scenarios, as represented by the LFW dataset. Notably, the integrated evaluation protocol-
encompassing SVM+PCA, ANN, XGBoost, a custom CNN, transfer learning via MobileNetV2, and a 
stacked meta-model-allowed the systematic identification of each model’s unique advantages. 
Hybrid models, particularly those leveraging both deep features and robust classic classifiers, 
consistently yielded the highest recognition rates and macro ROC-AUC scores, with the stacking 
meta-model outperforming individual baselines through the aggregation of complementary decision 
boundaries (test accuracy: 87.9%, macro ROC-AUC: 0.983). This complements but also advances what 
was delineated in prior works such as EdgeFace (George et al., 2024), where hybrid CNN-Transformer 
models excelled in unconstrained recognition benchmarks [34], and Wang et al. (2023), in which 
transfer learning was shown to be crucial under occluded and masked conditions [35]. Importantly, 
findings of this research corroborate that transfer learning, exemplified by MobileNetV2-
demonstrating 84% test accuracy with minimal trainable parameters-strikes an optimal balance 
between generalization and sample efficiency, outperforming custom CNNs trained from scratch, 
especially in limited data regimes. Furthermore, the inclusion of advanced interpretability 
diagnostics-Grad-CAM, saliency maps, t-SNE embeddings, and per-class error analysis-illuminated 
key error patterns and class confusion sources often overlooked in the literature, providing 
actionable understanding for subsequent algorithmic refinement. These comprehensive visual and 
statistical diagnostics both validate and extend practices found in the contemporary literature by 
offering explanations for observed performance gaps and error distributions. 

    While the results generally support the growing consensus in recent literature-emphasizing the 
superiority of hybrid and transfer learning models in complex, heterogeneous environments-they 
also reveal nuanced insights regarding model scalability, robustness, and adaptability. For instance, 
SVM+PCA pipelines showed remarkable robustness under high compression, maintaining superior 
linear separability in reduced feature spaces compared to non-linear ANN and tree-based approaches 
(XGBoost). The ROC and accuracy curves elucidate how ANNs can incrementally leverage additional 
dimensions, closing the performance gap as feature richness increases, yet still trail classical SVMs in 
scenarios with stringent dimensional constraints. In contrast, XGBoost consistently underperformed 
in the context of PCA-compressed data, underscoring its bias towards tabular structures and 
highlighting the need for more intricate feature engineering when applied to high-level visual 
embeddings. The correlation between dataset imbalance and per-class F1 scores further mirrors 
findings by Wang et al. (2023), stressing the vulnerability of standard deep networks to sample 
scarcity-a recurring challenge in open-world face recognition [35]. Also, the interpretability afforded 
by the novel suite of diagnostics (e.g., classwise ROC curves, eigenfaces, and confusion heatmaps) 
supports recent calls for methodological transparency and practical error analysis in AI systems 
intended for deployment in sensitive or uncontrolled environments [46]. Collectively, by bridging 
benchmarking with interpretable analysis and head-to-head model comparison, this study not only 
fills a documented gap in unified, fair, and deeply comparative evaluation (as highlighted in the 
review of the literature) but also produces new results, enabling to select or design optimal 
recognition pipelines for the unique operational settings. 

 
6. Conclusion  
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The cumulative evidence from this research substantiates the growing paradigm shift toward 

hybrid and transfer learning approaches as the preferred methodologies for supervised face 
recognition in unconstrained, real-world datasets such as LFW. The demonstrated superiority of 
combined pipelines-specifically those integrating deep feature extraction (either via custom CNNs or 
transfer learning models such as MobileNetV2) with robust classifiers (SVM, XGBoost) and ensemble 
stacking-not only outperformed traditional, single-method pipelines in accuracy and ROC-AUC, but 
also exhibited enhanced robustness to class imbalance, feature compression, and data scarcity. This 
finding is particularly pertinent for seeking to balance computational efficiency with high recognition; 
transfer learning models, in particular, offer acceptable performance with a significantly smaller 
trainable footprint, making them ideal for practical applications where labeled data or compute 
resources may be minimal. The adoption of a holistic benchmarking protocol-incorporating not only 
standard metrics but also interpretability and error diagnostics-sets a new standard for, transparent 
evaluation, ensuring that model deployment is grounded in a granular, application-relevant 
understanding of strengths and limitations. 
 
7. Recommendation 

 
Given these findings, several recommendations can be offered for both future research and 

practical deployment. First, hybrid and transfer learning models [47] should be prioritized for new 
face recognition systems, particularly in environments plagued by data variability, limited labels [48], 
or the need for real-time inference. The use of ensemble stacking or model fusion [49] can further 
increase robustness and generalizability by mitigating the unique weaknesses of individual classifiers 
[50]. Second, it is important to move beyond global metrics-such as mean accuracy or overall AUC-
and ensure every new pipeline is accompanied by detailed per-class analysis, error tables, and 
visualizations such as t-SNE and Grad-CAM [51], particularly when the systems are intended for 
sensitive or security-critical tasks. Finally, researchers should employ the integrated suite of 
interpretability diagnostics presented in this work, both for transparent reporting and for the 
iterative refinement of pipeline components based [52] on empirical error patterns. Future work 
might extend this unified evaluation protocol to even more challenging datasets (e.g., with varied 
race, age, context, or mask occlusion) or explore self-supervised and generative approaches for 
feature learning. By adhering to this holistic and transparent benchmarking approach [53], the field 
will be well positioned to deliver not only higher-performing but also more trustworthy and 
explainable face recognition solutions. 
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     Precision =  TP  TP + FP #  ( 2 )


     Recall =  TP  TP + FN #  ( 3 )
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