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Abstract   

The effectiveness of the face recognition algorithm is crucial to a digital attendance 

system. Differences in lighting, camera, room size, and the number of students create a 

challenging environment for face detection, but one problem that is rarely discussed in face 

recognition is the problem of limited training data. In attendance recording scenarios, attaining 

a large number of participant image data might not be feasible due to time constraints or other 

limitations. The research comprises several key stages, including application requirements 

analysis, development of the Attendance System application, data collection, development of 

artificial intelligence (AI) components, and application testing. Within this framework, the 

study compares the performance of three face-recognition machine learning algorithms (SVM, 

KNN, and Random Forest) under limited training data conditions. It is demonstrated that the 

best performing algorithm (SVM with hyperparameter tuning) resulted in the highest accuracy 

of 0.45. When the data quality is increased by removing some anomalies, the algorithm 

performs at a higher accuracy of 0.61. The effect of limited data on training algorithms is then 

examined and discussed further.  

Keywords: Face Recognition, Attendance Recording, Computer Vision, Education 

Technology. 

 Introduction 

Attendance recording is one of the common administrative tasks in many institutions, 

especially in educational institutions. The number of attendance or absences for a student is 

one of the key indicators of that student's success or failure in class. The traditional approach 

of roll calling has many disadvantages [1]. The first is that it takes a long time [2]. Time in 

class that could otherwise be used more effectively is spent on attendance recording.  This is 

made worse if the class has a large number of students. Roll call as one of the most popular 

attendance recording methods can introduce human error in recording. With scenarios such as 

when a student fails to answer or the teacher skips a name. If the record is not revised in a short 

amount of time, it is simply impossible to prove attendance based solely on roll call data. Some 

form of roll call may involve a distributed attendance record in class that the student may sign 
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to indicate attendance. Bogus or false attendance then becomes a problem, as a student may 

fabricate attendance by having a false signature signed by their friends. Due to the many 

problems associated with traditional approaches, a digital solution is then proposed.  

 One of the digital approaches taken to overcome this problem is using facial 

recognition. Facial recognition can solve the problem of recording attendance, as bogus or 

fabricated attendance can be prevented because the student photo serves as digital proof of 

attendance that is harder to fabricate. Recording can also be done in the least amount of time, 

and the possibility of human error can be reduced. In our previous studies [3], facial recognition 

was done with the help of manual face tagging after the candidate's face was detected using 

Haar Cascade. Our previous study also mentioned some problems with lighting, image size, 

and resolution that are consistent with other similar research [4].  This method of manual face 

checking can recognize faces with perfect accuracy. However, if the number of people in the 

class increase, this manual facial recognition will take significantly longer. The face checking 

can be delegated to the students but doing this will add more complexity and open the 

possibility of cheating. This is where automatic facial recognition can play a significant role. 

Automatic facial recognition identifies an individual from digital data in the form of images or 

videos.   Throughout the years, automatic facial recognition has undergone extensive research 

and has shown major improvements with a variety of algorithms.  

Face recognition with deep learning algorithms is very popular and has shown high 

accuracy. However, to use deep learning algorithms, a large amount of data needs to be 

acquired. In scenarios where there is not enough data, it is advisable to use different types of 

algorithms altogether. This research focuses on classroom attendance recording. In real-life 

scenarios, the number of students in a classroom may vary from a small class to a large class. 

Facial recognition would require image data from these students to learn. In research settings, 

the image-gathering process can be adjusted as needed; however, it may not always be feasible 

in a classroom setting. In some cases, the number of images for learning might not be adequate 

or suitable. To solve the problem of low image numbers, image augmentation can be done to 

create more data for training. However, this process typically requires more computation and a 

better-quality image source, which is not always available. 

Much prior research in attendance recording with face recognition is conducted within 

a controlled environment with sufficient training data and does not account for cases where 

data is limited. Limited data may introduce overfitting to learning models; it also makes it 

harder for the algorithm to learn. While face recognition algorithms may yield high accuracy 

in controlled environments, the effectiveness of these algorithms may differ when provided 

with limited data. This research will explore the underdeveloped problem of face recognition 

under limited-data constraints. To explore this problem, this research will test the viability and 

performance of several machine-learning face recognition algorithms with limited data. These 

algorithms are chosen because they are commonly used in face recognition scenarios. After 

identifying the best-performing algorithm, it will be tested again with varying numbers of 

training images to demonstrate the impact of data quantity on recognition accuracy. The results 

of this research are expected to show the impact of limited data on various face recognition 

software. These algorithms have been shown in other research to be high in accuracy in 

controlled environments. Hence, this research's unique contribution is in showing the 

limitations of algorithms within limited data constraints. Since the goal of this research is to 

test recognition with limited data, data augmentation will not be conducted. This will enable 

results that better mimic real-world scenarios. The novelty of this research lies in highlighting 

and quantifying the limitations of machine learning face recognition algorithms in limited data 
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scenarios. These scenarios are common but are rarely investigated. In summary, the research 

can be framed around the following key questions: 

RQ 1: Which face recognition algorithm best suits the needs for attendance recording 

with limited data? 

RQ 2: How does limited training data affect the face recognition algorithm learning 

process? 

 Related Work 

Digital attendance has been researched using various technologies to replace traditional 

attendance. QR codes [5], RFID cards [6], NFC on mobile phones [7], and more are used to 

create digital attendance with varying results. These methods are beneficial in some cases, but 

each has its own limitations. Some approaches require additional items that are not readily 

available, such as RFID or NFC cards. The problem with an additional item like a card is that 

it could go missing or be damaged. Other approaches use QR codes; where students scan QR 

codes to indicate attendance.  While this may reduce the time needed for digital attendance, it 

is very easy to fabricate by distributing the QR code.  To avoid additional devices and related 

problems, many researchers turn to using what is already present on the human body, such as 

biometrics facial recognition.   Among these methods, facial recognition tends to be preferable 

because it doesn’t need additional items from the participant, and the method is non-invasive.   

There are a number of works that implement face recognition for digital attendance 

using varying algorithms. In 2018, Lukas et al [8] used Discrete Wavelet Transform in 

combination with Discrete Cosine Transform to extract features from the face for recognition. 

The proposed system achieved 82% accuracy in recognizing faces (121 out of 148 images of 

16 students).  

In 2020, Serign Modou Bah et.al [4] used an improved Local Binary Pattern algorithm 

with advanced image processing techniques for face recognition in attendance management 

systems. The proposed system was able to detect faces with 95% accuracy. This approach uses 

181x181pixel images, but did not mention the number of students recognized by the algorithm. 

Another attempt at face detection in 2020 came from Samridhi et al [1] that are who used Haar 

Cascade in combination with Gabor Filter and tested face recognition with SVM, CNN, and 

KNN. This approach achieved 99.27% accuracy with KNN for 70 unique individuals and 

concluded that SVM was the least accurate algorithm. 

In 2021, Nurkhamid et al. used Deep CNN for face recognition. The algorithm achieved 

87.7% accuracy for 16 students. Another researcher who applied CNN for face recognition is 

Bhattacharya [2] who used the Viola-Jones algorithm as a face detection method and CNN for 

face recognition. 

Phul Babu ja [9], Nguyen-tat [10] in 2024, and Bairagi in 2021 [11] used the Haar 

Cascade / Viola Jones algorithm in combination with the LBPH algorithm for face recognition. 

These approaches use Haar cascade that is readily available in OpenCV.  Phul Babu Ja did not 

mention the number of people being recognize, Nguyen tat mentioned the number of images 

use for training and testing but did not mention the number of unique persons being recognize. 

Bairagi uses 10 unique people for testing during the recognition phase. 
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In 2023, Andre Budiman et al. [12] compared the Local Binary Pattern Histogram 

(LBPH) algorithm and Convolutional Neural Network (CNN) for face recognition, finding that 

CNN was more effective and stable. However, he noted that CNN requires larger datasets, 

which makes other types of algorithms viable in different cases. 

SVM as a face recognition algorithm is also quite popular. Shieh et al. [13] conducted 

research in 2014 using SVM with PCA, resulting in an accuracy of 91%. Eman Gheni added 

wavelet transform to PCA and SVM, achieving 92% accuracy [14]. In 2023, Samridhi 

compared the accuracy of three algorithms: KNN, CNN, and SVM, with K-NN being the most 

accurate among the three. 

Several studies on PCA as a face recognition algorithm have been conducted. Rahul in 

2016 [15] used the PCA algorithm in combination with SVD for face detection. This research 

concluded that the addition of SVD contributes to better accuracy in face detection. In 2015, 

Priyanka Wagh [16] compared the use of only the PCA algorithm with several other algorithms, 

showing that the combination of the PCA algorithm with other algorithms can result in higher 

accuracy.In summary, the reviewed literature demonstrates a variety of algorithmic 

combinations used for face detection and recognition, with varying levels of accuracy. 

Nevertheless, many high-accuracy results were obtained using datasets with a small number of 

individuals and a higher number of training data.   

While increasing the number of images for training data is necessary to help training, 

the small number of unique targets for recognition may inflate accuracy metrics. This may lead 

to inaccuracies in the practical applications of digital attendance systems, where the number of 

students can vary from small to large.  

Attendance data for this recording system is taken from the teacher’s mobile phone. 

This image will not only contain faces. Thus, before conducting face recognition on the 

attendance data, the image should be processed with a face detection algorithm. A face 

detection algorithm works by locating face regions within a given image. This process narrows 

down the area for the face recognition algorithm and removes non-face regions. There are 

several algorithms that can be used for face detection, including traditional methods and deep 

learning [17].  

In traditional methods, commonly used algorithms include the Haar Cascade Classifier 

[18], SVM (Support Vector Machine) [19], Template Matching [20], and more. These methods 

can be used when the available data is relatively small. When the data is big however and the 

computing power is sufficient, a deep learning algorithm can be employed. 

One of the architectures in deep learning is CNN (Convolutional Neural Network) [21].  

Deep learning methods can achieve higher accuracy than traditional methods [17]. This is 

because deep learning can handle a wide variety of cases and is able to detect faces even under 

poor lighting conditions. This research will use an existing CNN model as a face detection 

algorithm to avoid the cost of learning.  Figure 1 shows a simple CNN network, in which input 

is processed through several convolution layers and other processes to create the intended 

output. This type of CNN is used in the face detection processes of this research. By utilizing 

the existing CNN model, this research can focus more on the face recognition component. 

Some of the work of face detection using deep learning includes the work of Majeed et 

al, who developed a face detection model using Light CNN. The architecture of this Light CNN 

consists of 15 layers, including Conv1D, MaxPooling1D, Dense, and Flatten layers. The model 
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achieved an accuracy of 0.998 using a data split ratio of 40% for testing and 60% for training 

[22]. Desai et al. conducted a study using CNN, PCA, LBPH, and KNN for face detection. The 

results showed that CNN achieved the highest accuracy compared to the other methods, with 

an accuracy difference ranging from approximately 15% to 21% [23].  An example of a simple 

CNN architecture is shown in Figure 1. In building a CNN model, there are several essential 

layers, including the convolutional layer used to extract image features, the pooling layer to 

reduce feature dimensions, the activation layer to introduce non-linearity, and the fully 

connected layer for classification. In designing a CNN model, there is no strict limit on the 

number of layers; however, the general structure remains the same. One example of a CNN 

implementation is the face detection library available on PyPI that can be used for facial 

detection tasks [24]. This implementation of CNN is used in this research for face detection. 

Once the face region is segmented, the region can then be processed using a face recognition 

algorithm. 

 

Figure 1. Simple CNN Architecture 

Face recognition is the process of recognizing a specific face within a given image. This 

process requires a target to be defined and then searches for the target or clarifies the existence 

of the target within the image. Common challenges in face recognition include scaling, pose, 

illumination, variations, rotations, and occlusions [1].  Face Recognition algorithms for digital 

attendance need to address these challenges within a reasonable timeframe and with accuracy. 

In general, there are two approaches to face recognition: feature-based and image-based 

[8]. Feature-based methods work by extracting key features from an image, such as the eyes or 

nose. This includes techniques like Local Binary Pattern Histogram and Scale-Invariant Feature 

Transform. Image-based methods utilize the entire face region, employing techniques such as 

eigenfaces (PCA), fisherfaces (LDA), and Support Vector Machines. This research will 

compare three learning algorithms: Random Forest, SVM, and KNN.  SVM is a learning 

algorithm that generates a hyperplane to separate different classes and is well-suited for high-

dimensional data [25].  In face recognition, these hyperplanes will separate each individual.  

Some comparisons have been made for the performance of SVM and other learning algorithms. 

For example, Raksit et al. conducted a study on developing a face recognition model using 

SVM and KNN methods. In the KNN approach, the values of K used were 3 and 5. The results 

showed that the SVM method achieved better accuracy, outperforming KNN by approximately 

14% to 20%. However, in other research KNN or other learning algorithms might yield better 

results [1].   

SVM algorithm formula is as follows:  

      (1) 
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𝛼𝑖: Lagrange multipliers (obtained during training) 

𝑥𝑖: class label of the i-th training data 

𝑦𝑖: i-th training data 

x : input data to be classified 

b : bias 

K(𝑥𝑖 ,x) : kernel function, replacing the dot product 

The other learning algorithm that is being compared is K-Nearest Neighbors (K-NN). 

KNN is a classification algorithm based on supervised learning that determines the label of a 

test data point by measuring its distance to labeled training data. The algorithm classifies the 

new data by identifying its K nearest neighbors and assigning the label that appears most 

frequently among those neighbors. 

                                                       (2) 

𝑑(𝑥, 𝑦) : The Euclidean distance between two data points x and y 

𝑥  : The feature vector of the first data point 

𝑦 : The feature vector of the second data point 

𝑛 : The total number of features  

The third algorithm is Random Forest. Random Forest is a classification algorithm 

based on ensemble learning that constructs multiple decision trees in parallel. Each tree 

independently predicts the class of a test data point, and the final classification result is 

determined through majority voting among all trees. The class that receives the most votes is 

assigned as the final predicted class for the given input. 

After the comparison was completed, the PCA algorithm was added to enhance face 

recognition for the best performing algorithm. PCA, an algorithm created by Turk et .al, is one 

of the popular methods for feature selections and dimension reduction. PCA aimed at 

simplifying data complexity while preserving as much variability as possible from the original 

dataset PCA calculates the covariance between variables to capture their linear relationships 

and decomposes them into uncorrelated principal components. One way to determine the 

optimal number of dimensions is by examining the explained variance. If the cumulative 

explained variance exceeds 90%, the selected number of components is generally considered 

sufficient to represent the original data effectively. 

PCA in face recognition, often called eigenface, reduces the original data space of the 

image into a simpler, less dimensional data space. Using a simpler data space reduces the 

complexity of other parts of the algorithm and lessens the memory needed to process them. 
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 Proposed Work 

The research methodology applied in this study is illustrated in Figure 2. It consists of 

several structured stages: (1) Application requirements analysis, where this work builds upon 

our previous image-based attendance system [3] by incorporating face recognition and 

reviewing relevant literature; (2) Development of the Attendance System (Mobile Application), 

which involved updating the existing app to enable data collection for face recognition; (3) 

Data Collection, carried out by recording students’ face images and IDs during regular class 

sessions over one semester; (4) AI Component Development, in which the dataset was divided 

into training (75%) and testing (25%) subsets, and three algorithms (SVM, KNN, and Random 

Forest) were trained, evaluated using standard metrics, and optimized through hyperparameter 

tuning; and (5) Application Testing, where the system’s recognition results were validated 

against actual student identities.  

 

Figure 2. Research Methodology 

Attendance recording is performed via a mobile app for teachers and students, running 

on devices with at least Android 5.0 Lollipop (API 21), 2 GB RAM, basic GPUs, 8 GB storage, 

and 8 MP cameras. Figure 3 presents the overall system architecture and workflow. Teacher 

application supplies classroom photos to the server where training and testing are conducted. 

Initial classroom photos are given to supply algorithms with training data. This data is used to 

create the machine learning model that is then used by the student on the student side of the 

application.  

 

Figure 3.  Attendance System Architecture 
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The teacher would take pictures of the classroom, which includes the whole classroom. 

That picture is then uploaded to the server to undergo the face recognition process. Results of 

the process are then shown to the students to double-check their attendance. This is done to 

minimize the effect of errors in automatic face recognition. The feedback can also be used for 

further learning algorithms. Figure 4 shows the attendance recording application for both 

teacher and student.  This interface shows the interface in which data are collected. As shown 

in the image, the teacher side app requires the teacher to select a teaching schedule and upload 

several images of their classroom. The student side app shows the result after the teacher 

uploaded the image. The name shown in the app is the result of face recognition software, and 

the student can then approve the recognition or deny it. 

    

                                                              (a)                                                 (b) 

Figure 4.  Attendance Recording (a) Teacher Side (b) Student Side 

Data collection is conducted over the course of 4 weeks across 11 classrooms. Each 

class has a total of at least 14 sessions and contains 15 to 40 students (a total of 110 students) 

with different room sizes. Images for attendance are taken using mobile phones that generate 

images of varying resolutions; however, since a feature reduction algorithm is employed, this 

difference in resolution does not affect the outcome of the algorithm. Most face recognition 

algorithms encounter problems with lighting and angle. Most of the data in this research is well-

lit, with faces facing forward at a slight angle. This focuses the research on other factors of face 

recognition, such as the distance of the camera from the subject. A total of 623 face images 

were collected, and this data is divided into several subsets for the learning algorithm to process. 

Seventy-five percent of the data is used for training, and 25% is used for testing. Figure 5 shows 

a sample image taken by the teacher and processed by the face detection algorithm; the other 

image shows the result of cropping performed on the initial input. It is important to note that 

the classroom images are all well-lit and facing the camera. This condition allows the research 

to omit the challenges of angle and lighting in face recognition. However, some obstructions 

may still occur within the data.     
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Figure 5. Sample Image Data and Cropped Image 

Before the images were processed, they went through a preprocessing phase. The 

images were cropped using face detection. The resulting images are areas of the face for each 

student in the image. Aside from the cropped images, JSON files are also created for each face 

detected. These JSON files are used in the next phase to aid the face recognition algorithm.  

Figure 6 shows an example of the JSON file created from an image. Within this JSON file, 

information on the location of faces is stored along with the name and id of the student.  

These JSON files enable the algorithm to assign name and student id when the face 

recognition phase is over.  

 

Figure 6. Sample JSON 

The application was tested in 11 classrooms with a total of 110 unique students. These 

students comprise 20 female students and 90 male students, all between 17 and 23 years old. 

Each student has previously agreed to have their photo taken for this research via a consent 

form that was distributed physically. Each class session will have an average of 2 to 3 images 

taken. Images of the classroom sessions are captured from the teacher’s mobile app without 

any standardization. A total of four different devices were used during data acquisition. In most 

images, the students are facing the camera with slight variations in head position, obstruction, 

and lighting. As a result, the number of images per student ranged from 2 to 12. Figure 7 shows 

the distribution of images collected per student. The data is unbalanced due to conditions during 

real-life data collection. Some students have only a small number of images because those 

students did not attend many of their earlier classes. The earlier classes are those in which the 

initial data collection was conducted. Thus, some students have an inadequate amount of 

training images. This, along with some other conditions (such as the teacher neglecting to 

collect data in class), is a common occurrence in many educational settings that interrupts the 
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training data. It is also evident that half of the students have fewer than 5 images (mean = 5.16, 

median = 5).  

 

Figure 7. Distribution of Students by Number of Images Collected Per Student 

Figure 8 illustrates the detailed stages of developing AI components. During the 

preprocessing stage, all face images are resized to have the same dimensions of 128×128 pixels. 

This ensures uniformity across the dataset and produces a consistent array size for subsequent 

processing.  Feature extraction is then performed on the image to convert it into a one-

dimensional array of size 49152. Flattening process is necessary to match the one-dimensional 

input format of the classification methods. The processed dataset is then partitioned into the 

training and testing subset.   

 

Figure 8. Development Stages of AI components 

The data is split randomly; 75% for training and 25% for testing. Several methods were 

used for model training, including ANN, CNN, SVM, KNN, and Random Forest. Each model 

was trained without additional parameter adjustments. The training results were then evaluated 

to identify the method with the best performance. The evaluation metrics considered were 

precision, recall, accuracy, and the average F1-score. Once the model with the best evaluation 

metrics was obtained, optimization was performed through hyperparameter tuning using 

GridSearch to achieve improved performance.  

 In the recognition phase, a new face image is processed through the same preprocessing 

steps (resizing and flattening) to ensure compatibility with the trained model. The trained 

classifier then predicts the identity of the face by matching the input against the learned features 
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from the training dataset. The recognition output is the predicted class label along with the 

associated confidence score. 

 Results and Discussion 

Preliminary experiment results for multiple algorithms are shown in Table 1 and Table 

2. To compare the algorithms, several performance metrics are used, including Recall, 

Precision, F1-Score, and Accuracy, with the formulas as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +𝐹𝑁
                  (3) 

TP : True Positive 

            FN : False Negative 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +𝐹𝑃
                  (4) 

FP = False Positive 

F1-Score =  2 𝑥 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
                 (5) 

FP = False Positive 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁 +𝐹𝑃+𝐹𝑁
 𝑥 100%                (6) 

TN = True Negative 

In the first experiment, deep learning models ANN, CNN, and SVM were built. The 

results can be seen in Table 1. The ANN model has very poor accuracy with an accuracy of..., 

and CNN also has an accuracy that is not much different from SVM. However, based on the 

training time results obtained, CNN requires a fairly long training time of around... so it was 

decided to continue the experiment with traditional algorithms. 

Table 1. Experiment Result 1 

 Precision Recall Accuracy F1-

Score 

Training 

Time 

Confidence 

Level per fold 

Standard 

Deviation 

SVM 0.44 0.46 0.456 0.41 1.42 [0.47,  0.47,       

0.43,  0.47, 

0.42] 

0.021 

ANN 0.0132 0.0385 0.0385 0.0147 5.16 [0.0480, 0.0400, 

0.0160, 0.0081, 

0.0806] 

0.0257 

CNN 0.3771 0.4206 0.4206 0.3774 24.75 [0.4800, 0.3680, 

0.4000, 0.4597, 

0.3952] 

0.0422 
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SVM is shown to have the highest precision, recall, accuracy, and f1-score values at 

0.456 accuracy. Although SVM are shown to have better accuracy, 0.456 accuracy is too small 

compared to other similar research. From the confidence interval and standard deviation 

analysis, Random Forest shows the highest stability (std = 0.007) followed by KNN (std = 

0.014) and SVM (std = 0.021). This indicates that while SVM produces the best average 

accuracy, Random Forest offers more consistent performance across different data folds. 

Table 2. Experiment Result 2 

 Precision Recall Accuracy F1-

Score 

Train

ing 

Time 

Confidence 

Level per fold 

Standard 

Deviation 

SVM 0.44 0.46 0.456 0.41 1.42 [0.47,  0.47,       

0.43,  0.47, 

0.42] 

0.021 

KKN 0.39 0.42 0.424 0.37 0.35 [0.41, 0.44, 

0.41, 0.44, 

0.42] 

0.014 

Random 

Forest 

0.38 0.41 0.408 0.36 26.68 [0.4,  0.4, 0.39, 

0.38, 0.38] 

0.007 

 

To increase accuracy, hyperparameter tuning was performed for the SVM model. Four 

parameters were used for tuning, 'C', 'kernel', 'gamma', and 'degree'. The details of the parameter 

grid are as follows: 

• C: [0.1, 1, 10], which controls the regularization strength of the model. 

• kernel: ['linear', 'rbf', 'poly', 'sigmoid'], determining the kernel function used for 

mapping the data into higher dimensions. 

• gamma: ['scale', 'auto', 0.01, 0.001], influencing the impact of individual training 

samples. 

• degree: [2, 3, 4], applicable only when the 'kernel' is set to 'poly', controlling the 

degree of the polynomial kernel function. 

After obtaining the results from the hyperparameter-optimized model, further testing 

was conducted using PCA. The hyperparameter tuning process resulted in the following best 

configuration: C set to 10, degree set to 3, gamma set to 'scale', and the RBF kernel. In the PCA 

experiment, the number of components was tested from 1 to 200. The number of components 

that produced the highest accuracy was 23. With this number of components, the explained 

variance reached 95%. 

The evaluation results for the model with the best parameters and the model with PCA 

are presented in Table 3. The results showed an increase in accuracy when using the model 

with the best parameters (SVM BP), as well as when using the best-parameter model trained 

with PCA-processed data (SVM BP + PCA).  
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Table 3. Experiment Result Model with Best Parameter 

 Precision Recall Accuracy F1-

Score 

Training 

Time 

Confidence 

level per fold 

Standard 

Deviation 

SVM 

BP 

0.47 0.47 0.472 0.45 0.32 [0.49, 0.5, 

0.42, 0.45, 

0.45] 

0.028 

SVM 

BP + 

PCA 

0.49 0.54 0.544 0.49 0.44 [0.55, 0.44,      

0.47, 0.52, 

0.53] 

0.039 

 

There is a large discrepancy between this result and other similar research regarding 

precision and the F1-Score. This discrepancy might be attributed to the lack of training data 

and large number of recognition targets. To demonstrate this, another experiment is conducted 

by splitting the data into 2 groups, data with more than 5 images per person and data with less 

than 5 images (mean of the data is 5). It is apparent from the result that a larger amount of data 

leads to higher precision.  Table 4. shows the accuracy when the data is split between less than 

5 and above 5.  

Table 4. Experiment Result Model with Split Image At 5 

 Precision Recall accuracy F1-

Score 

Training 

Time 

SVM BP + PCA with Up6 0.61 0.55 0.61 0.53 0.40 

SVM BP + PCA with 

Under5 

0.33 0.43 0.48 0.36 0.22 

 

A Mann Whitney U test is conducted on the recognition data to show if there is a 

statistical significance between data from groups with under 5 images and above.  Table 5. 

shows a statistically significant difference in precision between the two groups (p-value < 0.05 

for precision). The results show that the accuracy of the face recognition algorithm is directly 

impacted by the amount of data available. 

Table 5. Mann-whitney u Test Result 

Metric U Statistic p-value 

Precision 1881.5 0.017 

Recall 1608.0 0.510 

F1 Score 1683.0 0.267 
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Experiments show the precision of SVM with BP and PCA reaches 0.49. This indicates 

that the algorithm can only identify faces half of the time. This contrasts with some other 

research that uses face recognition with SVM, which shows a higher percentage of above 80% 

[13]. Further examination of the research methodology reveals that most of this research uses 

small recognition sets and 10 or more images per person. The experiment demonstrates that the 

number of data points causes differences between algorithms. Therefore, prior algorithms 

tested in a controlled environment do not reflect realistic application scenarios.    

This research attempts to collect data in realistic application scenarios. This approach 

resulted in non-balanced training data that reduces algorithm accuracy. Sufficient training data 

is mandatory for any learning algorithm. However, there are cases where training data cannot 

be acquired due to time or budget constraints. In educational settings for attendance recording, 

applications should recognize students’ faces as early and accurately as possible. To better 

understand the relationship between the number of training images and recognition accuracy, 

this study has also compared face recognition performance under different training data 

conditions. The algorithm is tested with fewer than 8, fewer than 5, more than 8, and 5 images 

per student. This comparison is conducted to illustrate the performance differences in face 

recognition accuracy. The results of the experiment showed significant differences between 

fewer images and more images. The increase in performance shows the effect of sufficient 

training data in face recognition algorithms. These findings reinforce the importance of training 

data collection strategies in educational settings to ensure sufficient training data is provided. 

This research also did not employ any data augmentation to preserve baseline performance and 

data authenticity, making the comparison to other research without augmentation fairer.  

Other qualities of the data in attendance recording might also affect the training result. 

Some images taken from the classroom are blurred. This blurriness might be caused by the 

student moving while the photo is taken, the distance of the student from the teacher, and the 

quality of the camera used to take attendance. Figure 9 shows an example of blurred training 

data. 

 

Figure 9.  Blurred Training Data 

Expression and obstruction potentially affect training results. In attendance recording, 

students might choose to show different facial expressions during the process. Glasses and other 

types of facial obstructions might also occur during attendance recording, which might affect 

training results.  Figures 10 and 11 shows training data with obstructions and expressions. In 

both figures, glasses obstruct the face and might affect the accuracy of the algorithm. However, 

these cases are very scarce in the training data that they do not significantly lower the accuracy.  
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Figure 10. Training Data with Obstructions 

 

Figure 11.  Training Data with Expressions 

A case of accidental data multiplication also occurs in this research. This is caused by 

the teacher inputting the same attendance record twice or more into the database. This resulted 

in the duplication of faces that might affect face recognition algorithms. Although there are 

some cases where the data quality is low, the number of data points seems to be the deciding 

factor for the algorithm’s performance. 

 Conclusion  

A mobile application with face recognition has been developed for attendance 

recording. Users need to upload a photo containing a group of students in the class, and the data 

will then be processed through face detection, followed by face recognition. Data collection 

was carried out over a period of four weeks using the developed application. A total of 110 

students from 11 different classes were involved. This data collection was conducted in real-

life conditions with no tampering or modification. For face detection, the "face recognition" 

library from PyPI was used. The resulting image is then used for learning and recognition. 

During the face recognition phase, experiments were conducted using several algorithms, 

including SVM, KNN, and Random Forest. Initially, each model was tested using a base 

version of each method, and the model using the SVM method achieved the highest accuracy 

at 45%. Since the result of the algorithm is significantly smaller than similar research, further 

analysis was conducted to analyze the cause of the dissimilarity. After examination, some 

factors that affect training data were discovered. One of the most obvious differences is caused 

by the amount and quality of training data. The amount of data per student significantly affects 

the algorithm's performance. Unbalanced data per student biases the model and results in low 

accuracy. Many similar studies that achieve higher accuracy use more images per student, and 

the number of students the algorithm recognizes is small. By increasing the image threshold to 

above 5, the face recognition algorithm's accuracy increased significantly. By increasing the 

threshold to 8, the face recognition algorithm's accuracy increased further. This experiment 

shows that face recognition algorithms using machine learning face a problem in the 
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implementation of digital attendance in real-life scenarios. However, an optimal number of 

faces for learning in this scenario has not been acquired; this is due to the scope of this research 

and available data. This problem can be addressed in future work. Furthermore, within the 

limitations of this research, it is shown that SVM with PCA has better potential for face 

recognition compared to KNN and Random Forest. Additionally, SVM BP + PCA with BI 

reached the best accuracy within the given data. Since the focus of this experiment is on the 

problem of limited data, other factors that usually affect face recognition algorithms are 

ignored. This does not change the result of the experiment, as the experiment was conducted in 

well-lit and uniform lighting, with the students facing toward the camera. Obstructions were 

also minimal, since the teacher chose to take the clearest picture of the classroom. This research 

also opted not to use any method that alters the amount of data, such as augmentation, to show 

the raw performance of the algorithms in this situation. Such methods and other approaches to 

increase the performance of algorithms in limited data would be addressed in future work. The 

contribution of this research provides new insight into the robustness of existing face 

recognition algorithms and offers a basis for future research on face recognition in a limited 

data environment.  
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