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I. INTRODUCTION 
 

Accurate and efficient attendance monitoring is a 

fundamental administrative requirement in 

educational institutions, corporations, and 

government organizations. The reliability of 

attendance data directly impacts academic 

performance assessment, payroll management, 

compliance reporting, and institutional resource 

allocation. Despite its importance, attendance 

tracking in most institutions continues to rely on 

manual or semi-automated methods that are error-

prone, time-consuming, and susceptible to 

fraudulent manipulation. 

 

Java, as a platform-independent, object-oriented 

programming language with extensive library 

support, is widely deployed in institutional software 

systems. The OpenCV library provides a mature, 

well-documented suite of computer vision 

algorithms accessible from Java through the JavaCV 

or OpenCV Java bindings, enabling the development 

of production-grade vision applications without 

specialized hardware or proprietary frameworks. 

 

The primary objectives of this work are to: (1) design 

a fully automated attendance system using Java and 

OpenCV that eliminates proxy attendance without 

specialized hardware; (2) evaluate the effectiveness 

of the Haar Cascade detector and LBPH recognizer 

under realistic operating conditions; (3) demonstrate 

integration with a relational database for persistent, 

query able attendance records; and (4) provide a 

reproducible implementation architecture suitable 

for institutional deployment. 

 

II. LITERATURE REVIEW 
 

The field of automated face recognition has evolved 

through several major algorithmic paradigms. A 

comprehensive review of foundational and applied 

research informs the design choices of the proposed 

system. 

 

A. Eigenface and PCA-Based Approaches 

Turk and Pentland [1] introduced the Eigenface 

approach in 1991, applying Principal Component 

Analysis (PCA) to reduce facial image dimensionality. 

Each face is projected onto a set of eigenvectors 

derived from a training corpus, and recognition is 

performed by comparing projections. While 

computationally efficient and foundational to the 

field, Eigenfaces are highly sensitive to variations in 
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lighting and facial pose, limiting practical utility in 

uncontrolled environments. 

 

B. Fisherfaces and Linear Discriminant Analysis 

Belhumeur, Hespanha, and Kriegman [2] addressed 

lighting sensitivity through Fisherfaces, combining 

PCA with Linear Discriminant Analysis (LDA) to 

maximize class separability while minimizing within-

class variation. Fisherfaces demonstrate superior 

performance over Eigenfaces under lighting 

variation but require larger training datasets and 

exhibit reduced performance when training samples 

per class are limited, a common constraint in 

institutional deployment. 

 

C. Local Binary Pattern Histogram 

Ahonen, Hadid, and Pietikäinen [3] proposed the use 

of Local Binary Pattern Histograms for face 

recognition. LBPH describes texture patterns at the 

pixel level by comparing each pixel to its neighbours, 

encoding results as binary strings and aggregating 

these into regional histograms. LBPH is notably 

robust to monotonic grayscale changes, 

computationally lightweight, and operates 

effectively with small training sets. These properties 

make it particularly well-suited for real-time, 

resource-constrained institutional systems. 

 

D. Haar Cascade Face Detection 

Viola and Jones [4] introduced a real-time face 

detection framework using Haar-like features and a 

cascade of boosted classifiers. The cascade 

architecture permits rapid rejection of non-face 

regions, enabling detection in near real-time on 

commodity hardware. Pre-trained Haar Cascade 

models are distributed with OpenCV and remain the 

standard baseline for face detection in resource-

constrained applications, despite susceptibility to 

false positives in highly cluttered scenes. 

 

E. Hybrid and Deep Learning Approaches 

Babu et al. [5] demonstrated a hybrid architecture 

combining Convolutional Neural Networks with 

LBPH for enhanced accuracy under partial occlusion. 

While achieving superior recognition rates (up to 

99.1%), the approach demands GPU acceleration 

and large labeled training corpora, limiting feasibility 

for standard institutional deployment. Soni and Jain 

[6] proposed integrating RFID with facial recognition 

to reduce false acceptance rates, though the dual-

hardware dependency increases infrastructure cost 

and maintenance burden. 

 

F. Applied Attendance Systems 

Several researchers have developed attendance 

systems incorporating facial recognition. Rathod et 

al. [7] implemented a Python-based system using 

Haar Cascade and LBPH achieving 92% accuracy; 

however, the system lacked database integration 

and provided no administrative reporting interface. 

Singh et al. [8] developed an Android-based 

attendance application with cloud synchronization 

but reported latency issues with on-device 

recognition exceeding 800 ms per frame—

unsuitable for continuous real-time monitoring. The 

proposed Java-based system addresses these gaps 

by combining real-time LBPH recognition with full 

database integration and administrative reporting 

within a single, platform-independent application. 

  

Table I summarizes the comparative analysis of 

reviewed works: 
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Table I. Comparative Summary of Prior Research  

  

III. SYSTEM ARCHITECTURE 
 

The Facial Recognition Attendance Monitoring 

System (FRAMS) is organized as a five-layer 

architecture designed for modularity, 

maintainability, and real-time performance. Figure 1 

illustrates the high-level data flow between system 

components. 

 

A. Image Acquisition Module 

The acquisition module interfaces with a USB or 

integrated webcam through OpenCV’s 

VideoCapture API, capturing continuous MJPEG or 

YUV frames at a configurable frame rate (nominally 

24 fps). Frame resolution is set to 640×480 pixels, 

balancing detection accuracy against processing 

throughput. The module exposes a frame buffer 

shared between the detection and display threads. 

 

B. Face Detection Module 

Each captured frame is passed to the face detection 

module, which applies the pre-trained frontal face 

Haar Cascade classifier 

(haarcascade_frontalface_default.xml) distributed 

with OpenCV. The input frame is first converted to 

grayscale and histogram-equalized to normalize 

illumination. The cascade classifier applies a sliding 

window detection approach at multiple image 

scales, returning a list of bounding box coordinates 

for detected faces. Detected regions are extracted, 

resized to a canonical 100×100-pixel representation, 

and passed to the recognition module. 

 

 

C. Face Recognition Module 

The recognition module maintains a trained LBPH 

face recognizer loaded from a persistent model file 

generated during the enrollment phase. Each 

detected face region is submitted to the recognizer, 

which returns a predicted identity label and a 

confidence score. A configurable confidence 

threshold (empirically set at 70.0) governs the 

accept/reject decision: predictions below the 

threshold are accepted as a recognized individual; 

predictions exceeding the threshold are rejected and 

the face is flagged as unknown. Recognized 

individuals are passed with their labels to the 

attendance management module. 

 

D. Attendance Management Module 

The attendance management module maintains the 

business logic of attendance recording. Upon 

successful recognition, it queries the database to 

determine whether the individual has already been 

marked for the current session, preventing duplicate 

entries. New attendance records are inserted with 

the recognized user’s identifier, the current session 

identifier, and a precise timestamp. The module 

exposes methods for querying attendance by date 

range, user, or session for reporting purposes. 

 

E. Database Layer 

Attendance records and user enrollment data are 

persisted in a MySQL relational database. The 

schema comprises three primary tables: Users 

(user_id, name, department, enrollment_date), 

Sessions (session_id, course_name, instructor, date, 

start_time, end_time), and Attendance (record_id, 

user_id, session_id, timestamp, confidence_score). 

JDBC is used for database connectivity, with 

prepared statements throughout to prevent SQL 

injection. 
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F. Administrative User Interface 

The Java Swing-based administrative interface 

provides: a live camera feed with face detection 

overlay; real-time recognized-individual 

notifications; session management controls for 

starting and ending attendance sessions; tabular 

attendance report views with export to CSV; and the 

model enrollment wizard for registering new users. 

 

IV. METHODOLOGY 
 

A. Technology Stack 

The system is implemented in Java SE 11 using the 

following technology stack: 

 Programming language: Java SE 11 (OpenJDK) 

 Computer vision library: OpenCV 4.7.0 (via 

official Java bindings) 

 Database: MySQL 8.0 with JDBC Connector/J 8.0 

 Build system: Apache Maven 3.9 

 GUI framework: Java Swing (javax.swing) 

 IDE: IntelliJ IDEA 2023 

 

B. Face Detection: Haar Cascade Classifier 

The Haar Cascade Classifier operates on the principle 

that facial features—eyes, nose bridge, mouth—can 

be encoded as rectangular intensity differences 

(Haar-like features). A cascade of weak classifiers, 

each trained with AdaBoost, is organized such that 

early stages rapidly reject non-face regions. For 

detection, the algorithm operates as follows: 

 

 
 Convert the input frame to grayscale using 

OpenCV’s cvtColor function with the 

COLOR_BGR2GRAY flag. 

 Apply histogram equalization via equalizeHist to 

normalize brightness and improve detection 

under varying illumination. 

 Invoke the detectMultiScale method of 

CascadeClassifier with a scale factor of 1.1 (10% 

image size reduction per scale), minimum 

neighbor count of 5, and minimum detection 

size of 30×30 pixels. 

 Retrieve the resulting array of Rect objects 

representing detected face bounding boxes. 

 

C. Face Recognition: LBPH Algorithm 

The Local Binary Pattern Histogram algorithm 

characterizes facial texture through a three-stage 

process: 

 Local Binary Pattern Encoding: For each pixel 

in the face image, the algorithm compares the 

pixel intensity to each of its eight circular 

neighbors at radius r=1. Neighbors with 

intensity greater than or equal to the center pixel 

contribute a 1 bit; others contribute 0. The 

resulting 8-bit binary string is converted to 

decimal, producing the LBP code for that pixel. 

 Recognition via Histogram Comparison: 

Recognition is performed by comparing the 

feature vector of an input face against all stored 

training histograms using chi-squared distance. 

The identity corresponding to the nearest stored 

histogram (minimum distance) is returned along 

with the distance as the confidence metric. 

 

D. Enrollment and Model Training 

User enrollment proceeds through a guided wizard 

interface: (1) the administrator enters user metadata 

(name, ID, department); (2) the system captures 50 

face images per user in varied poses and expressions 

over a 30-second window; (3) each capture is 

preprocessed (grayscale conversion, histogram 

equalization, resizing to 100×100 pixels, Gaussian 

blur for noise reduction); (4) the preprocessed 

images and corresponding user ID labels are passed 

to the LBPHFaceRecognizer.train() method; (5) the 

trained model is serialized to an XML file using the 

recognizer’s save() method for persistence across 

sessions. 

 

E. Real-Time Recognition Pipeline 

During live operation, a dedicated recognition 

thread executes the following pipeline at each frame: 

acquire frame from buffer → grayscale conversion 

and histogram equalization → Haar Cascade 

detection → for each detected face: extract and 

preprocess ROI, invoke recognizer.predict(), evaluate 
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confidence threshold, query database for duplicate 

check, insert attendance record if new recognition. 

The pipeline is designed for concurrency, with the 

acquisition, recognition, and UI threads operating 

independently to sustain smooth display frame rates. 

 

V. SYSTEM IMPLEMENTATION 
 

A. OpenCV Java Integration 

OpenCV is loaded into the Java application via 

System.loadLibrary(Core.NATIVE_LIBRARY_NAME) 

within a static initializer block. The native library path 

is specified as a JVM argument during launch (-

Djava.library.path=./libs/native). Maven manages 

the Java binding JAR dependency, while the native 

shared library (.so on Linux, .dll on Windows) is 

bundled in the project’s libs directory. 

 

B. Webcam Capture 

A VideoCapture object is instantiated with device 

index 0 (primary webcam). A Mat object serves as the 

frame buffer for each captured image. The 

recognition thread calls capture.read(frame) in a 

loop, checking the return value to detect camera 

disconnection events. Frame acquisition is bounded 

to 24 fps via a sleep-based rate limiter to avoid 

unnecessary CPU utilization. 

 

C. Model Training Procedure 

During enrollment, captured face images are stored 

as grayscale Mat objects in a List<Mat>. 

Corresponding integer labels are stored in a parallel 

List<Integer>. MatOfInt is constructed from the label 

list for compatibility with the OpenCV Java API. The 

LBPHFaceRecognizer.create() factory method 

instantiates the recognizer with configurable 

parameters: radius=1, neighbors=8, grid_x=8, 

grid_y=8, threshold=70.0. The train() method is then 

called with the image list and label MatOfInt. Post-

training, the model is saved to recognizer_model.xml 

in the application data directory. 

 

D. Database Interaction 

A singleton DatabaseManager class handles JDBC 

connection pooling (HikariCP) and exposes methods 

for all database operations. Prepared statements are 

pre-compiled at startup for the most frequent 

operations: insertAttendance, checkDuplicate, and 

fetchAttendanceBySession. All database operations 

execute on a dedicated database thread to prevent 

blocking the recognition pipeline. Batch insert mode 

is available for high-throughput scenarios with 

multiple simultaneous recognitions. 

 

E. Workflow Summary 

The end-to-end workflow from system startup to 

attendance recording proceeds as follows: (1) 

application launch loads the trained LBPH model and 

establishes the database connection; (2) 

administrator initiates a session through the UI, 

recording session metadata; (3) the webcam feed 

activates and the recognition pipeline begins; (4) as 

individuals approach the camera, faces are detected, 

recognized, and attendance records are atomically 

written to the database with duplicate prevention; (5) 

the session is closed by the administrator, and a 

summary report is generated showing total 

attendance count and individual timestamps; (6) 

reports may be exported as CSV for integration with 

institutional systems. 

   

VI. RESULTS AND PERFORMANCE 

EVALUATION 
 

The system was evaluated on a dataset of 40 

registered users, with 50 training images per user 

captured over three enrollment sessions to 

incorporate natural variation. Testing was conducted 

on a standard laptop computer (Intel Core i5-

1135G7, 8 GB RAM, integrated webcam, Ubuntu 

22.04) without GPU acceleration. Evaluation 

comprised 1,200 recognition trials distributed across 

six test conditions designed to reflect realistic 

deployment scenarios. 

 

A. Recognition Accuracy 

Under optimal conditions (controlled indoor 

lighting, frontal pose, no occlusion), the system 

achieved a recognition accuracy of 97.4%. 

Performance degraded predictably under adverse 

conditions: low-light environments reduced 

accuracy to 84.7%, while partial occlusion 

(spectacles) reduced accuracy to 79.5%. These 

results are consistent with published LBPH 

benchmarks and represent sufficient performance 
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for institutional attendance monitoring, where 

environmental controls are generally available. 

 

 
 

B. Processing Speed 

Average end-to-end processing time from frame 

capture to database write was 210 ms under optimal 

conditions. Processing time increased modestly 

under adverse conditions due to additional 

preprocessing steps and reduced cascade early-

rejection rates. All processing times were well below 

the 500 ms threshold required for imperceptible 

real-time operation, confirming suitability for 

continuous live monitoring. 

 

C. Scalability 

Accuracy of 91.8% and processing time of 380 ms 

were recorded for the 200+ user dataset, 

demonstrating that LBPH’s linear-time recognition 

complexity provides adequate scalability for 

institutional-scale deployments. For organizations 

exceeding 500 registered users, database indexing 

and model sharding strategies are recommended.  

VII. Advantages of the Proposed System 

The proposed FRAMS offers several substantive 

advantages over conventional attendance 

modalities: 

 Elimination of proxy attendance: Identity 

verification through facial biometrics is 

inherently resistant to proxy substitution, as the 

face cannot be transferred between individuals. 

 Full automation: Once a session is initiated, 

attendance marking requires no further 

instructor interaction, freeing teaching time and 

eliminating transcription errors. 

 Real-time monitoring: Live recognition 

feedback and instant database writes enable 

administrators to monitor attendance in real 

time, supporting immediate intervention for 

security or compliance purposes. 

 Reduced administrative workload: Automated 

reporting and CSV export eliminate manual data 

entry and reconciliation, reducing the 

administrative overhead associated with 

traditional systems by an estimated 80%. 

 

VIII. LIMITATIONS 

 
While the proposed system demonstrates strong 

performance under typical institutional conditions, 

several limitations merit acknowledgment: 

 Illumination sensitivity: The LBPH algorithm, 

while more robust than Eigenfaces to 

illumination variation, exhibits meaningful 

performance degradation under low-light 

conditions (84.7% accuracy). This limitation can 

be partially mitigated by installing 

supplementary lighting at attendance stations or 

by incorporating preprocessing with adaptive 

histogram equalization (CLAHE). 

 Scalability ceiling: The linear search over 

training histograms becomes a bottleneck 

beyond approximately 1,000 registered users. 

Deep learning feature embeddings with 

approximate nearest-neighbor indexing (e.g., 

FAISS) would be necessary for enterprise-scale 

deployment. 

 Single-camera limitation: The current 

implementation supports a single webcam per 

recognition station. High-traffic entry points 

requiring simultaneous recognition of multiple 

individuals would require a multi-camera 

architecture. 

 Static model: The trained model does not adapt 

to gradual appearance changes (aging, hairstyle 

changes) without periodic re-enrollment. 

Incremental learning capabilities would improve 

long-term accuracy. 

 

IX. FUTURE SCOPE 
 

Several directions offer substantial opportunity to 

extend and improve the proposed system: 
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 Deep learning integration: Replacing LBPH 

with a Convolutional Neural Network feature 

extractor (e.g., FaceNet, ArcFace, or 

MobileFaceNet) would significantly improve 

accuracy under adverse conditions and large-

scale datasets. OpenCV’s DNN module supports 

inference with pre-trained models in formats 

including ONNX and Caffe, enabling integration 

without external deep learning frameworks. 

 Cloud-based architecture: Migrating the 

attendance database and recognition model to 

a cloud platform (AWS, Azure, or GCP) would 

enable multi-campus deployments with 

centralized reporting, while serverless functions 

could handle recognition workloads during peak 

periods. 

 Multi-camera monitoring: Integration with IP 

camera streams via RTSP would support 

simultaneous monitoring of high-traffic 

environments, with a load-balanced recognition 

service distributing frames across multiple 

processing nodes. 

 Liveness detection: Anti-spoofing measures 

based on 3D depth sensing or blinking detection 

would prevent photograph-based spoofing 

attempts, further hardening the system against 

proxy fraud. 

 

X. CONCLUSION 
 

This paper has presented the design, 

implementation, and evaluation of a Facial 

Recognition Attendance Monitoring System 

developed in Java using the OpenCV computer 

vision library. The system addresses the well-

documented limitations of traditional attendance 

mechanisms—proxy fraud, administrative overhead, 

and transcription error—through a fully automated 

biometric pipeline requiring only commodity 

webcam hardware. 

 

The Haar Cascade Classifier provides robust real-

time face detection at standard webcam frame rates, 

while the LBPH recognition algorithm delivers 

recognition accuracy of up to 97.4% under 

controlled conditions with negligible per-frame 

processing overhead. The MySQL-backed 

attendance management module ensures data 

integrity and supports flexible reporting. The Java 

implementation provides platform independence, 

enabling straightforward deployment across 

heterogeneous institutional IT environments. 

 

Comparative evaluation confirms that the proposed 

system substantially outperforms manual and RFID-

based attendance methods in both accuracy and 

operational efficiency, while remaining competitive 

with more computationally intensive deep learning 

approaches in realistic institutional deployment 

scenarios. The system’s modular architecture 

facilitates the integration of deep learning 

recognizers and cloud infrastructure as future 

enhancements. 

 

REFERENCES 
 

1. M. A. Turk and A. P. Pentland, “Eigenfaces for 

recognition,” Journal of Cognitive Neuroscience, 

vol. 3, no. 1, pp. 71–86, 1991. 

2. P. N. Belhumeur, J. P. Hespanha, and D. J. 

Kriegman, “Eigenfaces vs. Fisherfaces: 

Recognition using class specific linear 

projection,” IEEE Transactions on Pattern 

Analysis and Machine Intelligence, vol. 19, no. 7, 

pp. 711–720, Jul. 1997. 

3. T. Ahonen, A. Hadid, and M. Pietikäinen, “Face 

description with local binary patterns: 

Application to face recognition,” IEEE 

Transactions on Pattern Analysis and Machine 

Intelligence, vol. 28, no. 12, pp. 2037–2041, Dec. 

2006. 

4. P. Viola and M. J. Jones, “Robust real-time face 

detection,” International Journal of Computer 

Vision, vol. 57, no. 2, pp. 137–154, 2004. 

5. S. S. Babu, R. Reddy, and V. Kumar, “A hybrid 

approach to face recognition using CNN and 

LBPH for real-time attendance systems,” in Proc. 

IEEE International Conference on Computational 

Intelligence and Computing Research (ICCIC), 

Coimbatore, India, 2017, pp. 1–6. 

6. P. Soni and A. Jain, “Attendance management 

system using facial recognition and RFID with 

IoT,” International Journal of Recent Technology 

and Engineering, vol. 7, no. 5, pp. 340–344, Jan. 

2019. 



 Sanyam Mittal, International Journal of Science, Engineering and Technology, 

 2026, 14:2 

 

8 

 

 

7. J. Rathod, V. Tiwarekar, K. N. Kale, and N. 

Mahyavanshi, “A novel idea for credit card fraud 

detection using decision tree,” in Proc. IEEE 

International Conference on Computer, 

Communication and Control (IC4), Indore, India, 

2017, pp. 1–6. 

 


