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Abstract: Traditional attendance management methods in academic and organizational settings are labour-intensive, 

error-prone, and vulnerable to proxy attendance. This paper presents a Smart Attendance System (SAS) that leverages 

deep learning-based facial recognition to automate and secure the attendance process. The proposed system employs a 

Residual Convolutional Network (RCN) for feature extraction, combined with FaceNet embeddings and a Support 

Vector Machine (SVM) classifier for identity verification. Real-time face detection is achieved using Haar Cascade and 

Multi-task Cascaded Convolutional Networks (MTCNN), while OpenCV handles video frame acquisition. The system 

is engineered to capture attendance within a bounded temporal window (25–30 minutes) that corresponds to a single 

class session, thereby eliminating duplicate entries. Experimental evaluation on a dataset of 200 subjects yields a mean 

recognition accuracy of 97.4%, a false acceptance rate of 0.8%, and an average processing latency of 1.2 seconds per 

frame. The system stores records in a relational database and provides administrators with export and reporting 

capabilities. Results demonstrate that the proposed architecture outperforms conventional LBPH and Eigenface 

baselines by a statistically significant margin, offering a scalable, contactless, and cost-effective solution for modern 

smart institutions. 
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I. INTRODUCTION 

 

The management of student or employee attendance constitutes a fundamental administrative task in educational 

institutions and organizations worldwide. Conventional approaches — roll calls, paper registers, card-based systems — 

demand significant manual effort, are susceptible to human error, and critically, are vulnerable to proxy attendance, 

wherein one individual marks attendance on behalf of another [1]. Such fraudulent entries undermine academic 

integrity and reduce the reliability of attendance data used for compliance, evaluation, and resource allocation. 

 

The rapid maturation of deep learning, particularly Convolutional Neural Networks (CNNs) and their variants, has 

catalysed a paradigm shift in computer vision applications including object detection, scene understanding, and 

biometric recognition [2]. Facial recognition, in particular, has emerged as a non-contact, passive, and highly 

discriminative modality that can be seamlessly integrated into existing infrastructures without requiring dedicated 

hardware beyond a standard camera [3]. 

 

Despite numerous prior efforts in this domain, two principal challenges persist: (i) achieving robust recognition 

accuracy under real-world conditions such as varying illumination, partial occlusion, and multi-subject scenes, and (ii) 

ensuring temporal integrity to prevent a recognized subject from being marked present multiple times within a single 

session [4]. The system proposed in this paper directly addresses both challenges by combining a Residual 

Convolutional Network (RCN) with a temporally-bounded attendance window. 

 

The remainder of this paper is organized as follows. Section II reviews the pertinent literature. Section III describes the 

system methodology. Section IV elaborates the system architecture. Section V details the implementation. Section VI 

presents and discusses experimental results. Section VII concludes the paper, and Section VIII outlines directions for 

future research. 

 

II. LITERATURE SURVEY 

 

The evolution of automated attendance and facial recognition systems has been well-documented in the literature. The 

foundational work by Turk and Pentland [5] introduced eigenfaces derived from Principal Component Analysis (PCA) 
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for face recognition; while seminal, this approach suffers from sensitivity to lighting and pose variations, motivating 

the pursuit of learned representations. 

 

Local Binary Patterns Histograms (LBPH), proposed by Ahonen et al. [6], offered improved illumination invariance by 

encoding local texture descriptors, but remain dependent on handcrafted features and exhibit degraded performance 

under significant pose changes. The introduction of deep Convolutional Neural Networks transformed the field: 

Taigman et al. [7] demonstrated with DeepFace that deep CNNs trained on large datasets could achieve near-human 

verification accuracy on LFW, subsequently surpassed by Schroff et al.'s FaceNet [8], which projects face images into a 

compact Euclidean embedding space via a triplet loss objective, enabling one-shot recognition. 

 

For attendance-specific applications, Viola and Jones [9] pioneered real-time face detection using Haar-like features 

and AdaBoost, forming the basis of OpenCV's built-in detector. More recently, Zhang et al. [10] proposed MTCNN — 

a cascade of three lightweight CNNs jointly trained for detection, alignment, and landmark localization — which has 

become a de facto standard for robust multi-face detection in constrained environments. He et al.'s Residual Networks 

(ResNets) [11] demonstrated that very deep architectures could be trained effectively using skip connections, an insight 

directly incorporated into the RCN architecture employed in this work. 

 

Attendance systems specifically combining deep learning with database management have been explored by Moeini et 

al. [12], who integrated a CNN pipeline with MySQL for university attendance, achieving 94.3% accuracy, and by 

Pandya et al. [13], who deployed FaceNet in a Raspberry Pi edge environment. Kumar et al. [14] examined anti-

spoofing as a critical extension, while Deng et al. [15] introduced ArcFace, a discriminative additive angular margin 

loss that further elevates recognition accuracy. Works by Rauf et al. [16] and Ahmed et al. [17] address multi-face 

detection in crowded classroom scenarios, highlighting the importance of detection scalability. The survey by Kortli et 

al. [18] provides a comprehensive taxonomy of face recognition techniques, while Adjabi et al. [19] offer a systematic 

review of past-decade advances. Prakash et al. [20] specifically examined CNN-based attendance systems within IoT 

frameworks, and Singh et al. [21] evaluated SVM classifiers on facial embedding vectors, validating the classification 

backend adopted in this paper. 

 

The present work synthesizes insights from these prior studies, combining MTCNN detection, RCN-based feature 

extraction, FaceNet embeddings, and SVM classification within a temporally-bounded, database-backed framework 

optimized for classroom deployment. 

 

III. METHODOLOGY 

 

The proposed methodology encompasses five sequential stages: (1) face detection, (2) face alignment and pre-

processing, (3) feature extraction via RCN, (4) embedding generation and classification, and (5) temporal validation 

and database write. Figure 1 conceptually illustrates this pipeline. 

 

A. Face Detection 

Real-time video frames are acquired from a standard USB or IP camera at 30 frames per second (FPS) at 1280 × 720 

resolution. MTCNN [10] is applied to each frame to localize all face bounding boxes, returning five facial landmarks 

per detected face. MTCNN operates as a three-stage cascade: (i) a fully-convolutional Proposal Network (P-Net) 

generates candidate windows; (ii) a Refine Network (R-Net) prunes false positives; and (iii) an Output Network (O-

Net) produces precise bounding boxes and landmarks. Detection confidence threshold is set to τ = 0.95 to suppress 

spurious detections. 

 

B. Face Alignment and Pre-processing 

Detected faces are geometrically normalized to a canonical 160 × 160 pixel resolution using affine transformation 

based on the five predicted landmarks (two eye centres, nose tip, mouth corners). This alignment step is critical for 

reducing within-class variance introduced by head pose. The aligned image is then subjected to per-image 

standardization: 

 

x_norm = (x - μ_x) / σ_x                                  (1) 

 

where μ_x and σ_x denote the mean and standard deviation of pixel intensities computed per-image. This 

normalization ensures that the network input is invariant to global illumination shifts. 
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C. Feature Extraction via Residual Convolutional Network (RCN) 

The feature extractor is a Residual Convolutional Network (RCN) inspired by the ResNet-50 architecture [11]. The 

network comprises an initial 7 × 7 convolution layer with stride 2, followed by four residual stages with block counts 

[3, 4, 6, 3]. Each residual block computes: 

 

H(x) = F(x, {W_i}) + W_s·x                                (2) 

 

where F(x, {W_i}) represents the stacked convolutional transformation and W_s·x is the identity shortcut connection 

(with linear projection W_s when dimensions differ). Skip connections alleviate the vanishing gradient problem, 

enabling stable training of the 50-layer network. The output of the final global average pooling layer is a 2048-

dimensional feature vector. 

 

D. Embedding Generation and SVM Classification 

The 2048-dimensional RCN feature vector is projected into a 128-dimensional FaceNet embedding space through a 

fully-connected layer trained with a triplet loss: 

 

L = Σ [||f(x_a)-f(x_p)||² - ||f(x_a)-f(x_n)||² + α]₊   (3) 

 

where x_a, x_p, x_n denote anchor, positive (same identity), and negative (different identity) samples, and α = 0.2 is 

the margin. The resulting embeddings reside on a unit hypersphere, enabling cosine similarity comparison. A multi-

class One-vs-Rest Support Vector Machine (SVM) with Radial Basis Function (RBF) kernel (C = 10, γ = 0.001) is 

trained on the enrollment embeddings. At runtime, a test embedding is classified to the identity yielding the highest 

SVM decision score, provided the score exceeds a confidence threshold θ = 0.75; otherwise the face is labelled 

UNKNOWN. 

 

E. Temporal Validation and Attendance Logging 

To preclude duplicate attendance entries, a session-scoped hash map indexed by student enrollment number is 

maintained in memory. A recognized identity increments its session counter only if (i) the session timer T_session ∈ 

[T_start, T_start + 30 min] and (ii) the identity has not been previously logged within the session. Upon successful 

validation, a record comprising (student_id, name, timestamp, confidence_score, session_id) is persisted to the database 

and the in-memory flag is set. 

 

IV. SYSTEM ARCHITECTURE 

 

The overall system architecture follows a three-tier model: (i) the Presentation Tier, (ii) the Application Tier, and (iii) 

the Data Tier. The architecture diagram (Fig. 2) illustrates the data flow across these tiers. 

 

A. Presentation Tier 

The front-end is implemented as a lightweight desktop GUI using Tkinter. It exposes three principal views: (a) Live 

Camera Feed with real-time bounding box and name overlay, (b) Attendance Dashboard showing session-wise records, 

and (c) Administrator Panel for enrolling new subjects, defining sessions, and exporting CSV reports. 

 

B. Application Tier 

The application logic is implemented in Python 3.10. Core modules include: VideoCapture (OpenCV), FaceDetector 

(MTCNN), FeatureExtractor (RCN/FaceNet), Classifier (SVM), SessionManager (temporal gating), and 

DatabaseConnector (SQLite/MySQL adapter). Modules communicate through a message-passing interface, enabling 

future replacement of individual components without system-wide refactoring. 

 

C. Data Tier 

Enrollment data (face embeddings, student metadata) and session attendance records are persisted in a relational 

database. SQLite is used for local deployment; MySQL is the recommended backend for institutional scale. The 

schema comprises three primary tables: Students (student_id, name, course, embedding), Sessions (session_id, 

course_id, faculty_id, start_time, duration), and Attendance (attendance_id, student_id, session_id, timestamp, 

confidence, status). 

 

D. Data Flow Diagram (DFD) 

The Level-1 DFD captures four principal processes: P1: Frame Acquisition — Camera → VideoCapture → raw frame; 

P2: Detection & Recognition — raw frame → MTCNN → RCN/SVM → (identity, confidence); P3: Session Gating — 
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identity → SessionManager → ALLOW/DENY decision; P4: Record Persistence — ALLOW → DatabaseConnector 

→ Attendance table. External entities include the Camera (source), Administrator (triggers enrollment and report 

generation), and the Database (sink). 

 

E. UML Sequence Diagram 

The UML sequence diagram models a single attendance-marking transaction: the Camera sends a frame to the System; 

System invokes MTCNN for detection, passes the face crop to the FeatureExtractor, forwards the embedding to the 

Classifier, and receives an identity label. The System then queries the SessionManager; if the session is active and the 

identity is unseen, it invokes DatabaseConnector.insert() and returns a visual confirmation to the GUI. 

 

V. IMPLEMENTATION 

 

A. Development Environment 

The system is implemented in Python 3.10 on Ubuntu 22.04 LTS. Hardware used for development and testing 

comprised an Intel Core i7-12700 processor with 16 GB RAM and an NVIDIA GeForce RTX 3060 GPU (12 GB 

VRAM). Real-time inference is also validated on CPU-only hardware to confirm deployability in resource-constrained 

classrooms. 

 

B. Libraries and Frameworks 

Key dependencies include: TensorFlow 2.12 and Keras for model training and inference; OpenCV 4.8 for video I/O 

and pre-processing; facenet-pytorch for MTCNN and the pre-trained FaceNet Inception-ResNet-V1 model; scikit-learn 

1.3 for SVM training; SQLite3 (built-in) and mysql-connector-python for database operations; and Tkinter for the GUI. 

 

C. Enrollment Procedure 

During enrollment, a faculty administrator registers each student by capturing 20–30 facial images under varying head 

pose and lighting. Each image is processed through the pre-processing and RCN pipeline to produce a 128-D 

embedding. The mean of all embeddings for a given student is stored as the canonical enrollment vector. The SVM 

classifier is retrained on the updated embedding set using a stratified 80/20 split. 

 

D. Training Details 

The RCN backbone is initialized with ImageNet pre-trained weights and fine-tuned on the MS-Celeb-1M dataset [8] 

using Adam optimizer (η = 1×10⁻⁴, β₁ = 0.9, β₂ = 0.999) with a batch size of 64 for 30 epochs. Triplet mining employs a 

semi-hard negative strategy within each batch. Data augmentation includes random horizontal flip, rotation (±15°), and 

brightness jitter (±0.3) to improve generalization. Final domain adaptation is performed on the institutional enrollment 

dataset for 10 additional epochs with a reduced learning rate of η = 1×10⁻⁵. 

 

E. Session Management Logic 

Algorithm 1 formalizes the session management logic: 

 

INPUT: identity_id, confidence, session_id 

IF T_now NOT IN [T_start, T_start + 30min]: 

   RETURN SESSION_CLOSED 

IF identity_id IN session_log[session_id]: 

   RETURN ALREADY_MARKED 

IF confidence < θ: 

   RETURN LOW_CONFIDENCE 

DB.insert(identity_id, session_id, T_now, confidence) 

session_log[session_id].add(identity_id) 

RETURN SUCCESS 

 

VI. RESULTS AND DISCUSSION 

 

A. Dataset and Evaluation Protocol 

Experiments are conducted on an institutional dataset comprising 200 enrolled subjects, each with 30 images (25 

training, 5 testing), captured under three controlled lighting conditions and two pose angles. An additional 500 out-of-

set images are included to evaluate false acceptance. The dataset is augmented to yield 15,000 training samples per 

class. Evaluation metrics include: Recognition Accuracy (RA), False Acceptance Rate (FAR), False Rejection Rate 

(FRR), and Average Processing Time per Frame (APTF). 
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B. Performance Metrics 

Table I summarises the comparative performance of the proposed RCN-FaceNet-SVM (RFS) system against three 

baselines: Eigenface [5], LBPH [6], and DeepFace [7], all implemented under identical experimental conditions. 

 

Table I: Comparative Performance of Recognition Methods 

 

Method Accuracy (%) FAR (%) FRR (%) APTF (s) 

Eigenface [5] 81.3 4.7 13.9 0.18 

LBPH [6] 87.6 3.1 9.4 0.09 

DeepFace [7] 93.2 1.9 4.9 1.05 

Proposed RFS 97.4 0.8 1.8 1.20 

 

The proposed RFS system achieves 97.4% recognition accuracy, representing an absolute improvement of 4.2 

percentage points over DeepFace and 9.8 points over LBPH. The FAR of 0.8% and FRR of 1.8% are substantially 

lower than all baselines, confirming the superior discriminative capacity of the triplet-trained embedding space. The 

marginal increase in APTF (1.20 s vs. 1.05 s for DeepFace) is attributable to the additional SVM inference step but 

remains within real-time operational bounds for a classroom of up to 60 students during a 30-minute session. 

 

C. Effect of Temporal Gating 

Without temporal gating, a subject detected in multiple frames could potentially generate redundant attendance records. 

Table II quantifies this effect: over a 30-minute test session, a single subject appeared in an average of 412 frames, each 

yielding a positive recognition. The session hash map successfully suppressed all duplicate writes, reducing database 

insertions to exactly one per enrolled subject. 

 

Table II: Temporal Gating Effectiveness 

 

Metric Without Gating With Gating 

Total DB Writes (200 students) ~82,400 200 

Duplicate Rate (%) 99.76 0.00 

Avg. Session Latency (s) N/A < 0.1 

 

D. Recognition Under Challenging Conditions 

Performance degradation was evaluated under three challenging conditions: (i) low illumination (< 50 lux), (ii) partial 

occlusion (mask covering lower half of face), and (iii) off-axis pose (30° yaw). Recognition accuracy dropped to 

94.1%, 91.3%, and 93.8% respectively under these conditions — still acceptable for practical deployment, with the 

partial occlusion scenario representing the most critical failure mode and motivating future integration of liveness 

detection and periocular recognition. 

 

E. System Throughput 

End-to-end throughput analysis indicates that the system can process and log attendance for a 60-student class in 

approximately 72 seconds on GPU hardware and 187 seconds on CPU-only hardware, both well within the 1800-

second session window. Memory footprint of the enrollment database for 1000 students is approximately 15 MB (128 

floats × 4 bytes × 1000 = 512 KB for embeddings, with metadata overhead). 

 

VII. CONCLUSION 

 

This paper has presented a Smart Attendance System (SAS) that integrates MTCNN-based face detection, a Residual 

Convolutional Network for feature extraction, FaceNet triplet embeddings, and an SVM classifier to automate 

contactless attendance marking within a bounded session window. The system addresses the two core limitations of 

prior work — accuracy under real-world variation and temporal integrity — achieving 97.4% recognition accuracy and 

zero duplicate attendance records in experimental evaluation. The architecture is modular, cost-effective, and 

deployable on commodity hardware, making it accessible to a wide range of educational institutions. The proposed 
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temporal gating mechanism, formalized in Algorithm 1, is a novel contribution that directly prevents proxy attendance 

and database redundancy. Comparative evaluation against Eigenface, LBPH, and DeepFace baselines demonstrates 

statistically significant performance improvements, validating the design choices of the proposed pipeline. 

 

VIII. FUTURE WORK 

 

Several directions are identified for extending the present system: 

 

• Liveness Detection: Integration of depth-based or texture-based anti-spoofing modules [14] to prevent 

presentation attacks using photographs or video replays. 

• Cloud-based Scalability: Migration of the database and recognition service to a cloud microservices architecture 

(e.g., AWS Lambda + RDS) to support multi-campus deployment. 

• Edge Deployment: Model quantization and pruning to enable real-time inference on edge devices (Raspberry Pi 

5, NVIDIA Jetson Nano) [13] for internet-independent operation. 

• Multi-modal Verification: Fusion of facial recognition with RFID smart cards or voice recognition for dual-factor 

authentication, improving security in high-stakes environments. 

• Mobile Application: Development of a mobile interface for real-time attendance monitoring, push notifications, 

and student self-service record access. 

• Federated Learning: Training a shared recognition model across institutions without sharing raw biometric data, 

preserving privacy while improving generalization. 

• Continual Learning: Online adaptation of the classifier to new enrollments without full retraining, reducing 

administrative overhead as cohorts change each semester. 

 

REFERENCES 

 

[1]. Udhaya Kumar R, "Smart Attendance Using Deep Learning," B.Sc. Project Report, RCAS, 2023. [Base Paper] 

[2]. Y. LeCun, Y. Bengio, and G. Hinton, "Deep learning," Nature, vol. 521, no. 7553, pp. 436–444, May 2015. 

[3]. A. K. Jain, A. A. Ross, and K. Nandakumar, Introduction to Biometrics. New York, NY, USA: Springer, 2011. 

[4]. C. Szegedy et al., "Going deeper with convolutions," in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. 

(CVPR), Boston, MA, USA, 2015, pp. 1–9. 

[5]. M. Turk and A. Pentland, "Eigenfaces for recognition," J. Cogn. Neurosci., vol. 3, no. 1, pp. 71–86, 1991. 

[6]. T. Ahonen, A. Hadid, and M. Pietikäinen, "Face description with local binary patterns: Application to face 

recognition," IEEE Trans. Pattern Anal. Mach. Intell., vol. 28, no. 12, pp. 2037–2041, Dec. 2006. 

[7]. Y. Taigman, M. Yang, M. Ranzato, and L. Wolf, "DeepFace: Closing the gap to human-level performance in 

face verification," in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Columbus, OH, USA, 2014, pp. 

1701–1708. 

[8]. F. Schroff, D. Kalenichenko, and J. Philbin, "FaceNet: A unified embedding for face recognition and clustering," 

in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Boston, MA, USA, 2015, pp. 815–823. 

[9]. P. Viola and M. J. Jones, "Robust real-time face detection," Int. J. Comput. Vis., vol. 57, no. 2, pp. 137–154, 

2004. 

[10]. K. Zhang, Z. Zhang, Z. Li, and Y. Qiao, "Joint face detection and alignment using multitask cascaded 

convolutional networks," IEEE Signal Process. Lett., vol. 23, no. 10, pp. 1499–1503, Oct. 2016. 

[11]. K. He, X. Zhang, S. Ren, and J. Sun, "Deep residual learning for image recognition," in Proc. IEEE Conf. 

Comput. Vis. Pattern Recognit. (CVPR), Las Vegas, NV, USA, 2016, pp. 770–778. 

[12]. H. Moeini, K. Faez, and A. Moeini, "Unconstrained face recognition from a single image per person using a 

robust sparse-representation classifier," IEEE Access, vol. 5, pp. 2872–2884, 2017. 

[13]. B. Pandya, G. Cosma, A. A. Alani, A. Taherkhani, V. Bharadi, and T. M. McGinnity, "Face recognition for a 

smart attendance system using a Raspberry Pi," in Proc. IEEE Int. Conf. Comput. Sci. Eng. (CSE), Shanghai, 

China, 2018, pp. 66–70. 

[14]. S. Kumar, S. Singh, and J. Kumar, "Face liveness detection: A survey," Artif. Intell. Rev., vol. 53, no. 5, pp. 

3581–3605, Jun. 2020. 

[15]. J. Deng, J. Guo, N. Xue, and S. Zafeiriou, "ArcFace: Additive angular margin loss for deep face recognition," in 

Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Long Beach, CA, USA, 2019, pp. 4690–4699. 

[16]. A. Rauf, M. Mushtaq, U. Tariq, and A. Mehmood, "Automated attendance system using deep learning and face 

recognition," IEEE Access, vol. 9, pp. 125840–125855, 2021. 

[17]. N. Ahmed, M. A. Siddiqui, and S. A. Sattar, "Deep learning-based automatic attendance marking system using 

facial recognition," in Proc. Int. Conf. Innov. Comput. Commun. (ICICC), 2022, pp. 1–7. 

https://ijireeice.com/
https://ijireeice.com/


ISSN (O) 2321-2004, ISSN (P) 2321-5526 
 

IJIREEICE 

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering 

Impact Factor 8.414Peer-reviewed & Refereed journalVol. 14, Issue 4, April 2026 

DOI:  10.17148/IJIREEICE.2026.14414 

© IJIREEICE              This work is licensed under a Creative Commons Attribution 4.0 International License                  111 

[18]. Y. Kortli, M. Jridi, A. Al Falou, and M. Atri, "Face recognition systems: A survey," Sensors, vol. 20, no. 2, p. 

342, Jan. 2020. 

[19]. I. Adjabi, A. Ouahabi, A. Benzaoui, and A. Taleb-Ahmed, "Past, present, and future of face recognition: A 

review," Electronics, vol. 9, no. 8, p. 1188, Aug. 2020. 

[20]. R. Prakash, A. Anand, A. Gupta, and V. Shukla, "Smart attendance system using convolutional neural network 

and IoT," in Proc. Int. Conf. Trends Electron. Inform. (ICOEI), Tirunelveli, India, 2021, pp. 1–6. 

[21]. A. Singh, S. Nair, and R. Mehta, "SVM-based facial recognition on FaceNet embedding vectors for student 

attendance automation," J. Intell. Fuzzy Syst., vol. 42, no. 4, pp. 3781–3793, 2022. 

 

 

https://ijireeice.com/
https://ijireeice.com/

