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 Face recognition has become an essential component of modern security and 

authentication systems, yet its effectiveness is often challenged by limited datasets, 

class imbalance, variations in facial poses, lighting conditions, and image 

resolutions. This study proposes a face recognition pipeline that integrates Multi-

task Cascaded Convolutional Networks (MTCNN) for face detection, Residual 

Network V1 (ResNetV1) for feature extraction, and Support Vector Machine (SVM) 

for classification. Unlike previous works that rely on large-scale datasets and end-

to-end deep learning models, this study emphasizes the effectiveness of the pipeline 

under constrained data conditions, using 856 images across 191 classes with highly 

imbalanced distribution. Experimental results show that MTCNN successfully 

detected 97.1% of faces, while ResNetV1 produced 512-dimensional embeddings 

that formed well-separated clusters validated by clustering metrics (Silhouette Score 

= 0.578, Davies-Bouldin Index = 0.566). The SVM classifier achieved 92.9% 

accuracy, with macro-average precision, recall, and F1-scores of 0.89, 0.92, and 0.89 

respectively, significantly outperforming a baseline k-Nearest Neighbor (k-NN) 

model that only reached 63.9% accuracy. These findings highlight the novelty of this 

study: demonstrating that a lightweight yet robust pipeline can deliver reliable 

recognition performance even in small, imbalanced datasets, making it suitable for 

real-world scenarios where large-scale training data are not available. 
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I. INTRODUCTION 

Face Recognition systems are widely used by various 

technology developments, especially in security systems and 

attendance recording. Various constraints, such as varying 

photo angles, image resolutions, and lighting conditions, 

require a robust system even under various conditions 

Various experimental studies have been conducted to 

tackle problems in face recognition, for example using Haar 

Cascade Classifier and Convolutional Neural Network with 

10 datasets containing images, achieving accuracy up to 

98,94% and average computation time of 0.5s [1]. These 

methods, however, have certain drawbacks. They can only 

recognize previously recorded faces in their original state, and 

when significant changes occur—such as those caused by 

plastic surgery—the methods often fail, treating the altered 

face as a completely new identity. 

The MTCNN algorithm was selected due to its three-layer 

CNN architecture, which enables the detection of finer facial 

details. Moreover, it outperforms Haar Cascade Classifier due 

to its ability to handle variations in photo angles, enabling 

MTCNN to detect faces in a wider case compared to Haar 

Cascade Classifier [2]. 

However, the Viola-Jones Algorithm has been widely 

adopted for face recognition systems, studies have shown that 

Viola-Jones has limited ability under illumination changes, 

non-frontal faces poses, and low-resolution images. Viola-

Jones Algorithm often results in false positive results under 

extreme poses or partial occlusion. These limitations 

strengthen the need of deep learning algorithms such as 

MTCNN to handle variations in pose or lighting [3]. 

MTCNN’s capability is utilized to detect and mark face 

positions, allowing the model to focus on learning the 

important features while ignoring the noise in the photos. 

mailto:iivanpratama16@gmail.com
https://creativecommons.org/licenses/by-sa/4.0/
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Important face features are extracted so that the model can 

distinguish one label from another, and then learned by the 

Residual Network V1 algorithm [4]. 

Residual Network V1 addresses the vanishing gradient 

problem through shortcut connections, enabling deeper 

networks to learn rich face feature representations. This 

structure allows the network to be trained effectively even in 

deepest layers, allowing it to learn rich feature representations 

on every face. ResNetV1 generates embedding that captures 

low-level elements such as edges, corners, textures, and basic 

patterns, mid-level elements such as eyes, nose, mouth, and 

high-level elements represent abstract information  such as 

various lighting, pose, and expression [5]. Embeddings 

typically represented as high-dimensional vectors (e.g. 128D 

or 512D), to represent essential specific features. 

Support Vector Machine (SVM) are suited very well for 

classifying embedding results. First, SVM handles high-

dimensional features effectively [6], it is ideal to process 

ResNetV1’s embeddings. Second, SVM works well with 

feature extraction algorithms as it can separate important 

features. ResNetV1 as a feature extractor and integrates 

Support Vector Machine (SVM) for classification, providing 

an efficient approach for robust face recognition [6] 

Integrating MTCNN, ResNetV1, and SVM forms a robust 

recognition pipeline. Unlike previous approaches that rely on 

traditional methods such as Haar Cascade, this study proposes 

a comprehensive face recognition pipeline using MTCNN for 

accurate face detection, ResNetV1 for feature extraction, and 

SVM for classification. ResNetV1 can capture important face 

features, SVM works well with high dimensional features, 

classifies the embeddings with high accuracy, as 

demonstrated in the previous study  [6][7]. 

Therefore, the goal of this study is to implement a robust 

face recognition system combining MTCNN, ResNetV1, and 

SVM, and evaluate its performance accuracy and robustness. 

Another challenge that motivates this study is the limited 

dataset scenario, where each class contains only a few 

samples and the distribution is highly imbalanced. Such 

conditions are common in real-world applications, where 

collecting large-scale balanced datasets is often impractical. 

Therefore, there is an urgent need for a recognition pipeline 

that remains effective under these constraints. 

The novelty of this study lies in evaluating the 

effectiveness of integrating MTCNN, ResNetV1, and SVM in 

a limited dataset scenario with a high number of classes but 

few samples per class. Unlike previous works that mainly rely 

on large-scale datasets and end-to-end deep learning models, 

this study demonstrates that the proposed pipeline achieves 

robust recognition performance under constrained data 

conditions.  

II. METHODOLOGY  

 The process of the proposed face recognition system 

follows a structured pipeline that ensures accuracy at each 

stage. It begins with dataset preparation, where 856 images 

across 191 classes are organized. The next step involves face 

detection using MTCNN, which is capable of handling 

variations in angle, scale, and illumination, ensuring that 

facial regions are accurately localized even under challenging 

conditions. Once the faces are detected, feature extraction is 

performed using ResNetV1, a deep residual network that 

generates 512-dimensional embeddings representing unique 

and discriminative characteristics of each subject. These 

embeddings serve as compact yet powerful representations of 

the input images. Finally, the classification stage is carried out 

using an SVM classifier, which leverages the extracted 

embeddings to distinguish between subjects and make the 

final recognition decision. 

 

Figure 1. Overall Pipeline of The Face Recognition System. 

Figure 1 illustrates rhe pipeline consists of four main 

stages: dataset preparation, face detection with MTCNN, 

feature extraction with ResNetV1, and classification using 

SVM. The process ensures that each face is accurately 

detected, represented, and classified into its corresponding 

label. 

A. Datasets 

The dataset used in this study was provided by a Computer 

Vision lecturer for academic purposes and consists of 191 

classes with a total of 856 images. Among them, 520 images 

were allocated for training and 336 for testing, corresponding 

to a 61%–39% split. The split was predefined by the lecturer 

to ensure that the testing set contained facial images with 

different variations compared to the training set, thereby 

increasing the difficulty of the recognition task. On average, 

each class contains only 3 to 6 images, which leads to a highly 

imbalanced distribution. This imbalance presents a significant 

challenge because the model must generalize across classes 

with very limited intra-class variation. 
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All images were originally in PPM format and were 

converted to JPG for compatibility. To standardize the input 

and facilitate the learning process, each image was resized to 

500×500 pixels, as this resolution was sufficient to cover the 

facial region in nearly all cases. The resized images were then 

processed with MTCNN to localize the face area, ensuring 

consistent alignment and maximizing the quality of feature 

extraction. 

No data augmentation was applied in this study in order to 

preserve the originality and authenticity of the dataset. While 

this decision maintains the natural characteristics of the data, 

it also amplifies the impact of class imbalance, which is 

reflected in several misclassifications. This limitation, 

however, highlights the performance stability of the proposed 

pipeline, as demonstrated by its competitive results under 

highly constrained and imbalanced data conditions. Future 

work may incorporate augmentation strategies to further 

improve performance on classes with very limited samples. 

Figure 2 presents examples from the dataset, showing 

variations in facial expressions and poses. 

 

 

Figure 2. Images Example from Dataset 

Figure 2 presents sample images from the dataset, 

illustrating variation in facial expression and face positions. 

Although each class contains only a limited number of 

samples, these variations provide diverse learning examples 

that enhance the model’s ability to generalize. 

B. Face Detection (MTCNN) 

In this study, the MTCNN (Multi Task Convolutional 

Neural Network) was selected for face detection because of 

the efficiency and ability to handle various images with 

different challenges, such as varying photo angle, resolution 

and lighting conditions [2]. MTCNN operates three 

convolutional neural network layers, such as P-Net (Proposal 

Network), R-Net (Refine Network), and O-Net (Output 

Network). Each network performs specific tasks to 

progressively refine the detection process [8]. 

TABLE I 

MTCNN PROCESS DESCRIPTION 

Network Layers Process 

P-Net Scans the image at multiple scales to 

propose candidate face regions [9]. 

R-Net Refines the face proposals from P-Net by 

eliminating false positives and improving 

localization [9]. 

O-Net Detects face landmarks (eyes, nose, 

mouth) and provides final bounding box 

adjustments [9]. 

Based on Table I, the MTCNN face detection process is 

through three sequential stages. The P-Net acts as a proposal 

generator, producing initial candidate regions at multiple 

scales to ensure that small and large faces can be captured. 

These proposals are then refined by the R-Net, which 

reduces false positives and improves bounding box accuracy. 

Finally, the O-Net provides the most accurate detection by 

adjusting the bounding box further and identifying key facial 

landmarks such as the eyes, nose, and mouth [9]. 

 

Figure 3. MTCNN three layers process [9]. 

Figure 3 illustrates three layers that work sequentially to 

process the images and progressively refine the detection 

results. The P-Net first generates candidate face regions 

across multiple scales, ensuring that both small and large 

faces are captured. These candidates are then passed to the R-

Net, which eliminates false positives and improves bounding 

box accuracy through further refinement. Finally, the O-Net 

performs the most precise detection by adjusting bounding 

boxes and identifying facial landmarks such as the eyes, nose, 

and mouth. The MTCNN provides tuning parameters to 

handle specific challenges in different datasets. This 

parameter allows researchers to fine tune the detection to 

maximize the performance depending on what dataset they 

used.  

From Table 2, it can be seen that the MTCNN 

implementation in this study used its default configuration 

without additional tuning. The parameters, such as 

min_face_size of 20 pixels and a scale_factor of 0.709, were 

applied to ensure balanced detection performance across 

images. 
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TABLE II 

THE DEFAULT CONFIGURATION WAS APPLIED WITHOUT ADDITIONAL 

TUNING. 

MTCNN 

Parameters 

Value Description 

min_face_size 20 

pixels 

defining the minimum size of 

faces to be detected 

scale_factor 0.709  controlling the scaling factor for 

the image pyramid. 

threshold_pnet 0.6 Confidence threshold for P-Net 

threshold_rnet 0.7 Confidence threshold for R-Net 

threshold_onet 0.7 Confidence threshold for O-Net 

 

Meanwhile, the confidence thresholds for P-Net, R-Net, 

and O-Net were set at 0.6, 0.7, and 0.7 respectively, which 

represent the standard values commonly used to achieve 

reliable face detection results. 

 

Figure 4. Preprocessing flowchart for face detection and alignment using 

MTCNN. 

Figure 4 illustrates the preprocessing stage of this study, 

where MTCNN was implemented to detect faces in every 

image and mark the facial position with bounding boxes to 

maximize feature extraction. The detected faces were then 

cropped and aligned to ensure consistency in orientation and 

scale across the dataset. This preprocessing step is essential, 

as it reduces background noise and standardizes the input 

images, thereby improving the quality of the subsequent 

feature extraction process [10]. 

C. Feature Extraction (ResNetV1) 

In this stage, the ResNetV1 was employed as the feature 

extractor to transform face images into numerical 

representations. Several studies have shown that ResNetV1 

pretrained on large datasets such as VGGFace2, Casia-

Webface [11]. Moreover, recent works have shown that 

improvements in residual networks enhance training stability 

and recognition accuracy. Residual blocks with refined 

shortcut connections yield faster convergence across image 

and video recognition [12], and comparative studies resulting 

that ResNet have better results compared to other lightweight 

models in terms of accuracy [13]. 

The output of the feature extractor is a fixed length 

embedding vector of 512 dimensions that encodes face 

characteristics [14]. These embeddings happened in a high-

dimensional space, where the distance between vectors 

represent similarity between faces. 

 

Figure 5. Flowchart Feature Extraction using ResNetV1 

Figure 5 illustrates the feature extraction process begins 

with the preprocessed facial images, which are then passed 

into the ResNetV1 model. ResNetV1 extracts deep feature 

representations from each image, resulting in a 512-

dimensional embedding vector. These embeddings capture 

the unique facial characteristics of each subject and are later 

used for classification, ensuring that the model can effectively 

distinguish between different individuals. 

D. Classification (SVM) 

Support Vector Machine (SVM) was used as the classifier 

to differentiate between individuals based on the feature 

embedding produced by the ResNetV1 model in the Feature 

Extraction step, the classifier trained using future extraction’s 

512-dimensional embedding feature. 

SVM can be adjusted with various hyperparameters to suit 

the dataset and objective of the study [20]. SVM has been 

used in face recognition tasks because of its robustness to 

handle high dimensional data from Feature Extraction models 

such as ResNet [15]. 

In this study, the linear kernel was employed because the 

512-dimensional embedding feature was considered that it is 

well separated, and the linear decision boundary is enough for 

classification. 

Table III presents the parameters of the Support Vector 

Machine (SVM) used in this study. A linear kernel was 

selected because the 512-dimensional embeddings generated 

by ResNetV1 are assumed to be linearly separable in the 

feature space, making a linear decision boundary sufficient. 

The regularization parameter (C) was set to 1.0, which is the 
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default value in scikit-learn. This parameter balances the 

trade-off between achieving a wider margin and minimizing 

misclassification errors, ensuring that the model generalizes 

well without overfitting. For handling multi-class 

classification, the one-vs-one decision function shape was 

applied, where SVM constructs binary classifiers for each pair 

of classes. This approach allows the model to effectively 

differentiate among multiple labels in the dataset. 

TABLE III 

SVM PARAMETERS USED IN THIS STUDY 

Parameter Value Description 

Kernel Linear 

Defines the type of hyperplane used to 

separate the data. Linear kernel assumes 

data is linearly separable in the 

embedding space. 

C 1.0 

Regularization parameter that controls 

the trade-off between maximizing the 

margin and minimizing classification 

error (default in scikit-learn) 

Decision 

Function 

Shape 

one-vs-

one 

Strategy used to handle multi-class 

classification by constructing one 

classifier per class pair. 

 

In addition, other hyperparameters were kept at their 

default values in scikit-learn. For example, gamma is not 

applicable in the case of a linear kernel since it is only relevant 

for non-linear kernels such as RBF or polynomial. The 

parameters shrinking=True and max_iter=-1 (unlimited 

iterations) were also retained as defaults. This configuration 

was chosen because, in linear SVM, the kernel type and the C 

parameter are the most critical factors that influence 

performance, while other parameters have minimal effect on 

the classification results. 

For comparison purposes, a baseline classifier was also 

implemented using k-Nearest Neighbor (k-NN) directly on 

the ResNetV1 embeddings. The choice of k-NN as a baseline 

is motivated by its frequent use in face recognition tasks due 

to its simplicity and non-parametric nature [21]. Unlike SVM, 

k-NN does not construct an explicit decision boundary; 

instead, it assigns labels based on the majority class of the 

nearest neighbors in the embedding space. In this study, k=3 

and Euclidean distance were selected, as they are commonly 

used settings for embedding-based recognition. The results of 

this baseline experiment are reported in the Results and 

Discussion sections to highlight the performance gap between 

the proposed SVM approach and the simpler k-NN classifier. 

E. Model Evaluation 

512 embedding vectors applied to the SVM model to 

differentiate each label. After the learning phase, the datasets 

are applied to evaluate the SVM model, allowing it to 

compare the recognized face with the actual labels to 

determine whether they matched. 

The performance of the classifier was evaluated using 

standard metrics, for example Precision, Recall, F1-Score. 

Precision measures how many positive prediction that 

actually true, calculated as: 

  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

where TP (True Positive) represents correctly recognized 

faces according to the label and FP (False Positive) represents 

faces that are recognized incorrectly because the faces belong 

to another label [16]. 

Recall measures the proportion of actual positive samples 

that correctly identified by the classification model, and it is 

defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

FN (False Negative) represents the faces that should have 

been recognized but the classifier missed the face [16]. 

F1-Score was generated from Precision and Recall to give 

balance between the two metrics [16], and it is calculated as: 

 

𝐹1 =  2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Accuracy measures overall proportion of correctly 

classified samples from all samples and the formula is: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Where TP and TN represent correctly classified positive 

and negative samples, so FP and FN represent 

misclassification from classification models. 

Since this study deals with a multi-class dataset (191 class), 

the standard metrics was calculated per class, allowing it for 

detailed assessment and how the model can recognize each 

individual, highlighting strength and weakness of the model 

to recognize specific classes. 

 

III. RESULTS AND DISCUSSION  

A. MTCNN Face Detection Results 

In this study MTCNN was applied. Out of a total 856 

images, MTCNN successfully detected 832 images, 

achieving detection accuracy at about 97,1%. 

 

 

Figure 6. Unidentified Faces 

As shown in Figure 6, several images were either 

excessively dark or overly bright, which hindered successful 

face detection. This finding highlights a key limitation of 
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MTCNN, namely its reduced performance under excessive 

noise or extreme lighting conditions. 

 

 

Figure 7. Identified Faces Under Extreme Conditions 

From the figure 7 it can be seen that MTCNN is reliable, it 

can detect faces as long as the model can see the structure of 

the face on each photo, making MTCNN a robust model too 

for face detection under challenging conditions without 

excessive noise and lighting. 

 

 

Figure 8. Identified Faces with various angle 

Figure 8 proved that the MTCNN model can detect faces 

across various angles tested in this study, as long as the 

structure of the faces is visible, the MTCNN model can detect 

and mark the face position to be used on feature extraction. 

B. Feature Extraction ResNetV1 

Feature Extraction using ResNetV1 pretrained on the 

CASIA-WebFace dataset. Each detected and aligned face on 

every image from the preprocessing stage was passed to 

obtain the feature representation resulting in a 512-

dimensional embedding vector. 

For visualization purposes, only 4 labels were used, such 

as S001, S006, S008, S013. 

TABLE IV 

EMBEDDING RESULT FROM FEATURE EXTRACTION 

Label Shape 

S001 (20,512) 

S006 (12,512) 

S008 (17,512) 

S013 (13,512) 

 

Table IV showed us the shape of embedding results based 

on each label. The first number represents how many images 

get embedded in the feature extraction process, and the last 

number represents the length of the embedding vector from 

ResNetV1. 

 

Figure 9. Visualization Result on 4 different images labels. 

Figure 9 shows the t-SNE visualization of the embedding 

result generated by the ResNetV1 model. Each dot represents 

a single image embedding, while color indicates different 

subjects across the embedding. From the figure it can be 

observed that embeddings from the same subject (e.g., S001, 

S006, S008, S013) form distinct clusters separated from one 

another. Separation between clusters tells that extracted 

embeddings are sufficiently discriminative  to identify 

different individuals. This experiment is crucial to identify 

whether this model is suitable for the learning and testing 

recognition process. 

TABLE V 

CLUSTERING PERFORMANCE EVALUATION METRICS 

Metrics Value Interpretation 

Silhouette Score 0.578 The closer to 1, the better 

cluster separation [17]. 

Davies-Bouldin 

Index 

0.566 The smaller, the better 

cluster quality [18]. 

Calinski-Harabasz 

Index 

111.158 The larger, the better the 

cluster quality [19]. 

 

Table V presents the clustering performance evaluation 

metrics obtained from 4 labels and t-SNE visualization of face 

embeddings. Silhouette Score was 0.578, it indicates that data 

are well clustered in between classes. Davies-Bouldin Index 

is 0.566, reflecting a low level of intra-cluster similarity 

relative to inter-cluster separation. It means a good clustering 

structure. The Calinski-Harabasz index was 111.158, which 

implies that clusters are compact and separated. 

C. Single Image Recognition 

This step involves testing the model with a single input 

image. The image is fed into the model, which then retrieves 

visually similar images and predicts the corresponding label 

that best matches the input. The model’s confidence is 

reflected in how well the predicted label aligns with the visual 

features extracted from the input image.  
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Figure 10. Single Testing Image to Test SVM. 

Figure 10 shows an image that was fed into the SVM model 

to evaluate its performance. The test image was processed by 

the model, which then generated a list of labels that appeared 

visually similar to the input image. 

 

Figure 11. Images with highest similarity. 

Figure 11 presents 5 images that represent each label and 

has the highest similarity with the testing image. The highest 

similarity images (From left to right: S001, S065, S134, S190, 

S263) is because the input image has the longest distance to 

S001 which is visualized by the visualisation below. 

 

 

Figure 12. Hyperplane Visualization 

Figure 12 presents the reason SVM recognized the input 

image as S001 because the testing image has the longest 

distance to S001, which means the model is very confident to 

predict the image as S001. 

 

 
 

D. Classification using Support Vector Machine 

After obtaining 512-dimensional embedding vectors. from 

ResNetV1, the next step is classification. SVM was applied 

as the classifier to differentiate between labels on the 

embedding classification. Each embedding that generated by 

ResNetV1 was assigned to SVM so the SVM can be trained 

with the embedding results, the objective of this process is to 

make SVM distinguish different subjects to make robust 

models for face recognition. To evaluate this classification 

performance, applied train-test data was 69% data for training 

and 31% data for testing. The model evaluated with 

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

Score. 

TABLE VI 

10 BEST CLASSIFICATION PERFORMANCE 

Labels Precision Recall F1-Score Support 
S280 1 1 1 6 

S388 1 1 1 9 

S392 1 1 1 5 

S396 0.89 1 0.94 8 

S404 1 1 1 7 

S409 1 1 1 6 

S414 0.78 1 0.88 7 

S428 1 1 1 6 

S425 1 1 1 5 

S411 1 0.80 0.89 5 

 

From table VI it can be observed 10 top performances of 

the experiment have consistently high values of precision, 

recall, f1-score. This data shows that SVM classifier 

combined with ResNetV1 are highly effective at recognizing 

several subjects. 

 

 

Figure 13. Examples of correctly recognized images (From Left to Right: 

S388, S396, S404). 

Figure 1 shows that images with clearly visible faces can 

be recognized perfectly. Indicating that the model can identify 

such samples without difficulty. 

TABLE VII 

10 WORST CLASSIFICATION PERFORMANCE 

Labels Precision Recall F1-Score Support 

S059 0 0 0 1 

S120 0 0 0 1 

S163 0 0 0 1 

S259 0 0 0 1 

S263 0 0 0 1 

S285 0 0 0 1 

S300 0 0 0 1 

S307 0 0 0 1 

S321 0 0 0 3 

S336 0 0 0 1 

 

From table VII it can be seen that the 10 worst 

classification performance happened in several labels. All 

precision, recall, F1-Score appeared to be zero. This results 
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indicates that the model failed to recognize the face belonging 

to these labels. 

 

 
Figure 14. Examples of wrong recognized images (From Left to Right: S059, 

S120, S259). 

 

Figure 14 shows that the model suffers from classifying 

images with non-frontal angles. The model can not recognize 

matched labels although the face alone was detected. Dark 

lighting affects the recognition performance also, the model 

can not recognize the face when the lighting is too dark. 

In addition, from 336 images the classification report also 

provides macro average and weighted averages scores. Macro 

average values were 0.89 for Precision, 0.92 for Recall, and 

0.89 for F1-Score. Weighted averages achieved 0.91 for 

precision, 0.93 for recall, and 0.91 for F1-score. These 

averages reinforce the reliability of the SVM classifier with 

ResNetV1 embeddings in handling face recognition tasks. 

TABLE VIII 

FAILED RECOGNIZED IMAGES 

Actual Label Predicted Label Possible Cause 

S059 S407 Non-Frontal Pose 

S120 S396 Similar Face Features 

S163 S214 Similar Face Features 

S180 S417 Low-Lighting 

S263 S174 Non-Frontal Pose 

 

Table VIII presents five representative examples of 

misclassified images out of a total of 24 errors from 336 test 

samples. Overall, the model correctly recognized 312 images, 

achieving an accuracy of approximately 93%. These 

representative cases illustrate that while the model is 

generally robust, challenging conditions such as non-frontal 

poses, low-light environments, and high facial similarity 

between individuals can still lead to misclassification. 

 

 
Figure 15. Example of misclassified image: subject S059 predicted as S407 

due to non-frontal pose. 

 

Figure 15 shows a representative misclassification case 

where subject S059 was incorrectly predicted as S407. The 

error occurred primarily due to the non-frontal pose, which 

reduced the discriminative power of the extracted features. 

TABLE IX 

COMPARISON OF CLASSIFICATION PERFORMANCE BETWEEN SVM AND KNN 

Classifier Accuracy Precision 

(Macro) 

Recall 

(Macro) 

F1-Score 

(Macro) 

SVM 92.9% 0.89 0.92 0.89 

KNN 

(K=3) 

63.9% 0.52 0.59 0.53 

 

From Table IX, it can be observed that the SVM classifier 

outperforms the baseline k-NN classifier by a significant 

margin. The SVM achieved an accuracy of 92.9%, with macro 

precision, recall, and F1-score values of 0.89, 0.92, and 0.89, 

respectively. In contrast, the k-NN classifier (k=3) only 

reached an accuracy of 63.9%, with substantially lower macro 

precision (0.52), recall (0.59), and F1-score (0.53). These 

results indicate that the proposed SVM approach is more 

robust and effective in handling high-dimensional 

embeddings generated by ResNetV1 compared to the simpler 

k-NN method. 

E. Discussion 

The experimental results demonstrate the effectiveness of 

the proposed face recognition pipeline, which combines 

MTCNN for detect face position, ResNetV1 for feature 

extraction, and SVM as the classifier. The face detection stage 

achieved an accuracy of 97.1%, successfully identifying 832 

out of 856 images, as MTCNN struggled to detect faces under 

such conditions. Following detection, the extracted 512-

dimensional embeddings using ResNetV1 proved to be highly 

discriminative, as visualized through t-SNE, where distinct 

clusters were formed for each subject. Clustering evaluation 

metrics further supported this, with a Silhouette Score of 

0.578, a Davies-Bouldin Index of 0.566, and a Calinski-

Harabasz Index of 111.158, indicating well-separated and 

compact clusters. 

In the classification stage, the SVM model exhibited strong 

performance, particularly for several labels that achieved 

perfect precision, recall, and F1-scores, demonstrating the 

capability of the ResNetV1 embeddings to differentiate 

subjects effectively. However, some labels performed poorly, 

with precision, recall, and F1-score values dropping to zero. 

These errors mainly occurred in cases involving non-frontal 

face angles, poor illumination, or high similarity between 

subjects. Overall, the classification achieved a 93% accuracy, 

with macro average scores of 0.89 for precision, 0.92 for 

recall, and 0.89 for F1-score, while weighted averages 

reached 0.91, 0.93, and 0.91 respectively. These averages 

indicate that there are some misclassifications, the model is 

generally robust and reliable across diverse subjects. 

Table X presents a comparison between the proposed 

method and several existing face recognition approaches. 

Haar Cascade combined with CNN achieved an accuracy of 

98.94%, but its performance is limited to frontal faces and 

struggles when the facial pose changes. Similarly, the Viola-

Jones method performs adequately on public datasets but 

shows a significant drop in accuracy under poor lighting and 

non-frontal conditions. 
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TABLE X 

COMPARISON WITH EXISTING FACE RECOGNITION METHODS  

Method Dataset Accuracy Notes 

Haar Cascade + 

CNN [1] 
0 datasets 98.94% 

Only works 

on frontal 

faces 

Viola-Jones [3] Public dataset 
Lower under 

poor lighting 

Struggles 

with non-

frontal 

FaceNet [11] VGGFace2 ~99% 
Requires 

large dataset 

Proposed (MTCNN 

+ ResNetV1 + 

SVM) 

856 images, 191 

classes 
93% 

Works under 

limited 

dataset 

 

FaceNet, trained on the large-scale VGGFace2 dataset, 

reported accuracy close to 99%, although it requires a very 

large dataset for optimal performance. In contrast, the 

proposed system that integrates MTCNN, ResNetV1, and 

SVM achieved 93% accuracy using only 856 images across 

191 classes. Although its accuracy is slightly lower compared 

to large-scale deep learning models, the proposed method 

demonstrates robustness under limited data conditions, 

making it more practical for small to medium-sized datasets. 

In addition to the comparison with existing methods, a 

baseline experiment using the k-Nearest Neighbor (k-NN) 

classifier was also conducted directly on the ResNetV1 

embeddings. With k=3 and Euclidean distance, k-NN 

achieved an accuracy of only 63.9%, with macro averages of 

0.52 for precision, 0.59 for recall, and 0.53 for F1-score. 

These results are significantly lower than those of the 

proposed SVM-based approach, confirming that while k-NN 

provides a simple non-parametric alternative, it is not 

sufficiently robust under the highly imbalanced and limited 

dataset used in this study. This performance gap underscores 

the importance of employing a more discriminative classifier 

such as SVM, which can better handle high-dimensional 

embeddings and achieve consistent recognition accuracy 

across diverse subjects. 

 

IV. CONCLUSION 

This study successfully implemented a robust face 

recognition pipeline by combining MTCNN for face 

detection, ResNetV1 for feature extraction, and SVM for 

classification. The dataset used consisted of 856 images 

across 191 classes, divided into 520 training and 336 testing 

samples. Experimental results demonstrate that MTCNN 

accurately detected 832 faces under diverse conditions, 

achieving a detection accuracy of 97.1%, although challenges 

remain in cases with extreme lighting. The extracted 512-

dimensional embeddings from ResNetV1 proved to be highly 

discriminative, forming well-separated clusters and achieving 

strong clustering evaluation metrics, including a Silhouette 

Score of 0.578, a Davies-Bouldin Index of 0.566, and a 

Calinski-Harabasz Index of 111.158. 

At the classification stage, the SVM achieved an overall 

accuracy of 93%, with macro average scores of 0.89 for 

Precision, 0.92 for Recall, and 0.89 for F1-Score, while 

weighted averages reached 0.91, 0.93, and 0.91 respectively. 

Despite some misclassifications in cases involving non-

frontal angles, dark lighting, and visually similar subjects, the 

proposed system demonstrates strong reliability. Therefore, 

the integration of MTCNN, ResNetV1, and SVM provides an 

effective solution for face recognition tasks and shows great 

potential for real-world applications such as security systems, 

identity verification, and automated attendance systems. 

This work contributes to the understanding of face 

recognition in resource-constrained settings, where datasets 

are limited in size and subject images are scarce. Such 

conditions are common in real-world deployments, 

particularly in small institutions or organizations, making this 

study practically relevant. 

Unlike many face recognition approaches that rely on 

large-scale datasets and end-to-end deep learning models, this 

study highlights the effectiveness of the pipeline (MTCNN + 

ResNetV1 + SVM) in handling small and imbalanced datasets 

while remaining robust against common challenges such as 

pose variation and lighting changes. This novelty underscores 

the practicality and efficiency of the proposed system, 

particularly for real-world deployments where data resources 

are limited. 
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