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Abstract 
Manual attendance recording remains inefficient and may enable proxy attendance, while cloud-based 

facial recognition introduces network dependency, latency, and biometric-data privacy concerns. Edge 

processing offers a local alternative, but limited computing resources require pipeline optimization. 

This study conducted a descriptive single-run evaluation of five optimization strategies on a 

Raspberry Pi 5: frame downscaling, static region of interest (ROI), prototype caching, sample interval 

tuning, and face detector comparison. The pipeline used FaceNet embeddings, cosine-similarity-based 

open-set recognition, and track-based temporal confirmation. Evaluation involved three prerecorded 

1920 × 1080 classroom videos totaling 16 min 23 s, an enrollment database of 18 students, and 53 

student-video attendance instances. Frame downscaling at 0.75 reduced runtime from 1,274.83 s to 

947.72 s, equivalent to 25.66%, while confirmed attendance instances decreased slightly from 47 to 

46. Effective sampled-frame throughput increased by 34.62%, and average RAM usage decreased by 

6.86%, although CPU utilization and peak temperature increased. Prototype caching reduced 

preparation time but had limited effect on end-to-end runtime, whereas static ROI, sampling intervals 

above 5 s, and YuNet did not improve overall pipeline performance. Frame downscaling was 

therefore the most promising strategy in the evaluated setup. However, repeated trials and 

independent classroom-video testing are required before generalizing the results or considering the 

pipeline deployment-ready. 

Keywords: attendance system, edge computing, face recognition, pipeline optimization, raspberry pi 

 

1 Introduction 

Accurate and efficient recording of student attendance is a crucial component of the learning 

process in higher education institutions [1]. To date, most institutions still rely on manual methods 

such as attendance sheets distributed during learning activities [2], [3]. While easy to implement, this 

method has several weaknesses that significantly impact the integrity of attendance data. One of the 

main problems is the vulnerability to cheating such as signing attendance sheets, where absent 

students are replaced by their classmates to sign the attendance sheet [4]. In addition, lecturers need to 

spend additional time verifying and digitizing attendance records, which poses a risk of data entry 

errors and takes up teaching time that could be used more productively [5]. Paper-based records are 

also prone to being lost, damaged, or becoming difficult to manage and archive in the long term. 

Machine-learning methods have also been explored in higher-education contexts for student-

related analytical tasks, including the identification of depression among university students[6] . In the 

administrative context, computer vision technology offers further opportunities to support institutional 

processes, including the automation of student attendance recording. In particular, the development of 

computer vision technology in the field of facial recognition, opens up opportunities for automating 

attendance recording without disrupting learning activities [7], [8]. Students can be passively 

identified from classroom video, potentially reducing administrative effort and limiting simple proxy 

attendance based on identity substitution. However, the present system does not incorporate 

presentation attack detection; therefore, resistance to spoofing attacks using photographs, recorded 

videos, or display devices is outside the scope of this study. On the other hand, most conventional 

facial recognition systems rely on cloud-based deep learning frameworks [9], [10]. This approach 

presents several practical challenges, including network latency that impacts system responsiveness, 

concerns about the privacy of biometric data sent to external servers, and dependence on stable 

internet connectivity [11]. These conditions are not always available in educational institutions with 
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limited network infrastructure, making cloud-based solutions less practical for widespread 

implementation in real-world classroom environments. 

Edge computing offers an alternative that addresses these limitations by enabling data processing 

to be performed directly on the local device [12]. This approach reduces latency, enhances privacy 

because biometric data never leaves the device, and eliminates the reliance on an internet connection 

[13]. Single-board computers such as the Raspberry Pi have become a popular choice for edge 

deployments due to their affordability, low power consumption, and mature development ecosystem. 

However, deploying facial recognition on edge devices faces challenges due to limited computing 

resources. Modern facial detection models such as MTCNN [14], RetinaFace [15], and variants of 

YOLO [16] typically demand significant GPU and memory capacity to maintain acceptable accuracy 

and speed. On low-power edge devices, the performance of these models often suffers significantly, 

leading to increased latency and thermal throttling. Therefore, for facial recognition systems to run 

effectively on edge devices, careful pipeline optimization is required to balance recognition accuracy 

and resource efficiency. 

Various optimization strategies have been proposed in the literature to address resource 

limitations on edge devices. At the model level, some researchers have proposed lightweight 

architectures specifically designed for embedded devices, such as EdgeFace [17], which combines the 

power of CNNs and Transformers with a very small number of parameters, and YuNet [18], which 

offers a good accuracy-speed trade-off with only 75,856 parameters. Other approaches utilize pruning, 

quantization, and knowledge distillation techniques to reduce model size without significant accuracy 

loss [19], [20]. At the pipeline level, commonly used strategies include reducing frame resolution, 

limiting the processing area through regions of interest (ROIs), adjusting frame sampling intervals, 

and selecting lighter detectors. Previous research has also shown that intelligent frame analysis 

mechanisms can improve the throughput of facial recognition systems on embedded devices [21], and 

edge-cloud collaboration with cropping faces on edge devices before sending them to the cloud can 

significantly improve inference speed [11]. While each of these strategies can theoretically reduce the 

computational load, their impact on the end-to-end facial recognition pipeline on a specific edge 

device may vary depending on the hardware characteristics, usage scenarios, and interactions between 

pipeline stages. Empirical validation of each strategy in a concrete deployment context is essential to 

generate reliable configuration recommendations.  

This study aims to evaluate five edge-based facial recognition pipeline optimization strategies for 

a class attendance system on the Raspberry Pi 5, namely frame downscaling, static ROI, prototype 

caching, sample interval tuning, and detector comparison. The main contributions of this study are: 

(1) a systematic evaluation of five facial recognition pipeline optimization strategies on the Raspberry 

Pi 5 edge device for class attendance scenarios; (2) identification of configurations that provide the 

best trade-off between recognition accuracy and system efficiency; and (3) empirical findings on the 

variability of the impact of optimization strategies on end-to-end pipeline performance, which can be 

a practical reference for developers of facial recognition-based attendance systems on edge devices. 

 

2 Literature Review 

The application of facial recognition technology in attendance systems has been widely 

investigated as an alternative to conventional attendance recording, particularly to improve 

automation, accuracy, and efficiency. Recent research has also explored edge-based processing to 

reduce dependence on centralized servers and network connectivity. Parhi et al. [22] proposed an 

Intelligent Online Attendance Tracking System (IOATS) based on facial recognition and edge 

computing for monitoring attendance in online classes. The system performs video capture, face 

detection, facial encoding extraction, and face verification directly on the student's laptop or personal 

computer, while only the final attendance information is submitted to a central database. This edge-

based architecture is intended to reduce network utilization, protect facial data privacy, and accelerate 

processing by eliminating the need to continuously transmit images to a remote server. The system 

uses OpenCV for video capture, Dlib with Histogram of Oriented Gradients (HOG) for face detection, 

and a ResNet-based model to generate 128-dimensional facial encodings, which are compared using 

Euclidean distance. Attendance is determined from repeated face recognition during the class, with 
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images captured at 10-second intervals. Experimental evaluation using a face recognition dataset 

containing 31 classifications and 2,652 face images reported an accuracy of 97.73%, precision of 

99.60%, recall of 98.04%, and F1-score of 98.81%, with an AUC of 0.88. Although IOATS 

demonstrates the feasibility of combining facial recognition with edge computing for attendance 

tracking, its primary emphasis is on developing an online attendance mechanism and reducing 

network and privacy constraints rather than systematically optimizing the facial recognition pipeline 

on resource-constrained edge hardware. In contrast, the present study focuses on the optimization of 

the end-to-end recognition pipeline on a Raspberry Pi 5 by experimentally evaluating frame 

downscaling, static region of interest (ROI), prototype caching, sample interval tuning, and face 

detector selection. Thus, while IOATS establishes the importance of edge-based facial recognition for 

attendance, this study investigates how individual pipeline configurations affect the trade-off between 

recognition performance and computational efficiency. 

Another relevant study was conducted by Kurniasari et al. [23], who developed an Intelligent 

Attendance Monitoring System using real-time face recognition and Raspberry Pi. The system was 

designed to automate attendance recording in educational and workplace environments using a 

Raspberry Pi with a camera and Wi-Fi connectivity. Its recognition process consists of image 

preprocessing by converting RGB images into grayscale, face detection using the Haar Cascade 

Classifier, and facial recognition using the Local Binary Patterns (LBP) algorithm. Detected faces are 

cropped from the video stream and compared with facial information stored in the database before the 

corresponding attendance record is generated. The researchers evaluated the system under different 

distances and illumination conditions. Ten individuals were used in the testing process, with seven 

registered in the database, and facial samples were repeatedly tested under different environmental 

conditions. The distance experiment showed average accuracies of 92.4%, 84.1%, and 52.7% at 

distances of 30, 50, and 80 cm, respectively. Similarly, the lighting experiment achieved average 

accuracies of 38.5%, 91.3%, and 76.7% at 20, 100, and 200 lux, respectively, indicating that distance 

and illumination substantially influence recognition performance. Although this study is closely 

related to the present research because both employ Raspberry Pi for real-time attendance and use 

Haar Cascade as a lightweight face detector, its evaluation mainly examines recognition accuracy 

under variations in distance and illumination. It does not systematically investigate the optimization of 

multiple stages of the recognition pipeline or quantify their effects on computational resources such as 

runtime, CPU utilization, RAM usage, and device temperature. The present study therefore extends 

this line of research by treating the recognition process as an end-to-end pipeline and experimentally 

comparing several optimization strategies on the Raspberry Pi 5. In addition to recognition accuracy, 

the proposed evaluation considers runtime, effective processing throughput, CPU, RAM, and 

temperature, enabling the selection of configurations based on the trade-off between recognition 

reliability and resource efficiency. 

Recent studies have addressed edge-based face recognition through model-level and pipeline-

level optimization. EdgeFace employs a lightweight hybrid CNN–Transformer architecture to reduce 

the complexity of face representation models while maintaining competitive recognition performance 

[17] . At the face-detection stage, compact architectures such as YuNet [18]  and EResFD [24]  have 

been developed to improve the trade-off between detection accuracy and computational efficiency. 

Model-compression studies have also investigated joint pruning and quantization [20] , while more 

recent work has applied filter pruning specifically to lightweight face detectors [25]. At the pipeline 

level, CFSM employs selective frame analysis to improve face recognition throughput on embedded 

systems [21], whereas Oroceo et al. [11]  distribute face detection and recognition tasks between edge 

and cloud resources to reduce inference latency and communication overhead. More recently, tracking 

and heterogeneous hardware utilization have been combined to avoid redundant face recognition 

operations on an accelerator-equipped edge platform[26]. Collectively, however, these studies 

optimize specific models, pipeline components, or hardware configurations and do not jointly 

compare multiple pipeline-level strategies in a CPU-based Raspberry Pi 5 attendance system using 

identical classroom videos and both recognition and system-resource metrics. Therefore, the research 

gap addressed in this study is not the absence of edge-based face recognition systems, but the limited 

end-to-end comparative evidence concerning the effects of frame downscaling, static ROI, prototype 

caching, temporal sampling, and detector selection in a resource-constrained classroom attendance 

scenario. 
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Based on these previous studies, facial recognition has demonstrated strong potential for 

automating attendance systems, while edge computing provides advantages in terms of reduced 

network dependency, privacy, and local processing. However, the two reviewed studies address 

different aspects of the problem: IOATS emphasizes edge-based attendance tracking and privacy for 

online classes, whereas Kurniasari et al. focus on the accuracy of real-time facial recognition on 

Raspberry Pi under different distance and lighting conditions. Neither study systematically evaluates 

how multiple optimization strategies across the facial recognition pipeline influence the overall 

performance of a class attendance system on a constrained edge device. This gap motivates the 

present study, which evaluates five pipeline optimization strategies frame downscaling, static ROI, 

prototype caching, sample interval tuning, and detector comparison on a Raspberry Pi 5. The study 

further evaluates both recognition-related and system-efficiency metrics to identify configurations that 

provide an appropriate balance between attendance recognition accuracy and computational 

efficiency. 

 

3 Research Method 

This section describes the experimental framework used to evaluate edge-based facial 

recognition pipeline optimization strategies. The description includes the testing system and 

environment, pipeline architecture, evaluated optimization strategies, test datasets and scenarios, and 

evaluation metrics used. 

 

3.1 Testing System and Environment 

Testing was conducted on a Raspberry Pi 5 as a target edge device with 8 GB RAM 

specifications and an active cooler module to maintain device temperature during processing. The 

operating system used was Raspberry Pi OS 64-bit Bookworm, with the pipeline running in a Docker 

container based on the python:3.11-slim image to maintain the reproducibility of the experimental 

environment. As a comparison, initial testing was also conducted on a local device with Apple M2 

processor specifications (8-core), 16 GB RAM, and macOS Tahoe 26.4.1 operating system, to obtain 

a reference for pipeline performance on non-edge devices. 

Python versions used were Python 3.9.6 on the local device and Python 3.11 in the Raspberry 

Pi 5 container. This difference in Python versions was based on practical considerations: 3.9.6 is the 

default version on macOS, which is used as the development environment, while 3.11 was chosen for 

the Docker container at the time of the study. Because all optimization strategy comparison 

experiments were conducted on the same edge device (Raspberry Pi 5 with Python 3.11), this version 

difference does not affect the validity of the comparative results between the configurations. 

The main libraries used included OpenCV 4.10 for image processing and face detection, keras-

facenet for the face embedding model, NumPy for vector operations and prototype storage, and psutil 

and vcgencmd for system resource monitoring (CPU, RAM, and temperature). All experiments were 

conducted on pre-recorded video to ensure each configuration was tested on identical input, 

preventing differences in test results solely from changes in pipeline configuration. 

 

3.2 Facial Recognition Pipeline Architecture 

The face recognition pipeline used in this study consists of four main stages: (1) frame 

sampling from the input video, (2) face detection, (3) face embedding extraction, and (4) cosine 

similarity-based identity matching. The pipeline flow is illustrated in Figure 1. In the frame sampling 

stage, the video is processed by capturing single frames at fixed time intervals (sample intervals) to 

reduce computational load without losing important temporal information. The sampled frames are 

then processed by a face detector to localize the face position in the form of a bounding box. The 

primary detector used is Haar Cascade from OpenCV, chosen because it is computationally 

lightweight and has long been the baseline for face detection on limited devices[27]. 

Each detected face is then cropped and resized to 160x160 pixels as input to the embedding 

model. The embedding model used is FaceNet from the keras-facenet library, which generates a 512-
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dimensional vector representation for each face. This embedding vector captures the characteristics of 

facial features in a high-dimensional space, so faces from the same individual will produce adjacent 

vectors in that space. 

Student identification is performed by comparing the detected embedding vector with a 

database of registered student prototypes using cosine similarity. A high cosine similarity value (close 

to 1) indicates a high similarity between faces, while a low value indicates a difference in identity. 

The pipeline employs an open-set recognition scheme, whereby a student is identified only if their 

highest similarity value to the database exceeds a certain threshold; otherwise, the face is classified as 

unknown. Based on initial threshold testing, a value of 0.75 was chosen because it provided the best 

balance between known accuracy and unknown rejection for the context of class attendance. 

To improve identification reliability, the pipeline implements a track-based confirmation 

mechanism. Each detected face is associated with a cross-frame track using a combination of 

Intersection over Union (IoU) and the center distance between consecutive bounding boxes, so that 

the same face across multiple consecutive frames is associated with a consistent track. A student is 

considered confirmed present only if their identity is successfully matched at least 3 times on the 

same track.  

 



Sistemasi: Jurnal Sistem Informasi                                     ISSN:2302-8149 

Volume 15, Nomor 9, 2026: 3691-3706                         e-ISSN:2540-9719 

http://sistemasi.ftik.unisi.ac.id 

 
 

3696 
 

Figure 1 Facial recognition pipeline 

3.3 Pipeline Optimization Strategy 

Five pipeline optimization strategies were evaluated in this study, each tested separately with a 

baseline configuration as a comparison. The baseline configuration consisted of frame_scale=1.0, 

roi=full, sample_interval=5 seconds, a Haar Cascade detector, and prototype rebuilding at each 

execution (prototype_mode=rebuild). 

1) Frame Downscaling: This strategy lowers the resolution of each captured frame before it is 

processed by the detector. Reducing the resolution reduces the number of pixels that must be 

processed, thus theoretically reducing the detector's inference time. The downscaling factors 

tested were 1.0 (baseline without downscaling), 0.75, and 0.5. The main trade-off with this 

strategy is that small faces may become difficult to detect at overly aggressive downscaling 

factors. 

2) Static Region of Interest (ROI): This strategy limits the processing area to a fixed region 

within the frame that is assumed to always contain the student's face. Since the camera 

position in the classroom is static, the relevant region can be determined once at the beginning 

of the experiment without the need for dynamic adaptation. Two ROI configurations were 

tested, namely ROI q1 with coordinates (x1, y1, x2, y2) = (73, 330, 1836, 996) and ROI q2 

with coordinates (76, 336, 1801, 956), both on a frame size of 1920x1080 pixels. 

3) Prototype Caching: This strategy stores previously computed student embedding vectors in a 

cache file in .npy (NumPy binary) format, so that subsequent executions do not require 

recomputing the embedding from the reference image. Two modes were compared: rebuild 

mode, where the prototype is rebuilt each execution, and cache mode, where the prototype is 

loaded directly from the saved file. 

4) Sample Interval Tuning: This strategy adjusts the time interval between frames processed by 

the pipeline. A larger interval reduces the number of frames processed, thus reducing total 

runtime. However, too large an interval risks missing brief student appearances in the video. 

Three sample interval values were tested: 5, 7, and 10 seconds. 

5) Detector Comparison: This strategy compares two face detectors with different 

characteristics, which are Haar Cascade as a classical, computationally lightweight detector, 

and YuNet as a modern CNN-based detector specifically designed for edge devices. The 

YuNet implementation uses the cv2.FaceDetectorYN module of OpenCV DNN with built-in 

models available in the OpenCV Zoo repository. 

 

3.4 Dataset and Testing Scenario 

 

Table 1 Characteristics of the test video dataset 

Video Duration 

(mm:ss) 

Sampled  

Frame 

Registered Students  

Attended 

Face Detection  

Total 

Class 01 05:16 64 17 683 

Class 02 05:27 66 18 649 

Class 03 05:40 69 18 560 

Total 16:23 199 53 1.892 

 

Testing was conducted using three prerecorded classroom videos captured during lecture 

sessions, with a resolution of 1920x1080 pixels and an average duration of 5 minutes and 28 seconds 

per video. The reference database consisted of 18 students, each with six reference photos taken in 

frontal conditions with normal room lighting. The reference photos were processed through the same 

detector and embedding model as the main pipeline to generate prototype vectors for each student. As 

ground truth, manual annotation was performed to record the appearance of each registered student in 
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each video. The annotation results showed that 17 registered students were present in the first video, 

18 students in the second video, and 18 students in the third video, resulting in a total of 53 registered 

student instances used as the evaluation reference across the entire dataset. The characteristics of each 

video are summarized in Table 1. 

The test scenario was divided into three stages. The first stage was to determine the optimal 

threshold and temporal parameters (sample interval and confirmation hits) through separate 

experiments. The second stage was to evaluate each optimization strategy individually using a 

baseline configuration as a comparison. The third stage was to determine the selected configuration 

based on a trade-off analysis between accuracy and efficiency. 

Each pipeline configuration was executed once using the same prerecorded video inputs and 

software environment. Consequently, the reported runtime and resource measurements represent 

descriptive observations from the evaluated executions rather than statistical estimates across repeated 

trials. The terms average CPU, average RAM, and average temperature refer to averages across 

monitoring samples collected within a single execution, not averages across repeated experimental 

runs. 

 

3.5 Evaluation Metrics 

The optimal configuration is selected by considering the trade-off between accuracy and efficiency 

metrics. The best configuration is the one that maintains the highest possible number of confirmed 

students while significantly reducing runtime and resource consumption compared to the baseline. 

1) Recognition accuracy metrics include known accuracy (the percentage of registered student 

faces that were successfully recognized with the correct identity), unknown rejection rate (the 

percentage of unregistered faces that were successfully rejected by the system as unknown), 

false accept rate (FAR), false reject rate (FRR), number of confirmed students (the total 

number of registered students that the system successfully verified across all test videos), 

number of unknown tracks (the count of facial tracks that were not successfully matched with 

any identity in the database), and number of face detections (the total count of face detections 

during the video processing). 

2) System efficiency metrics include total runtime, average time per sampled frame, effective 

sampled FPS (the effective pipeline throughput calculated as the number of frames processed 

divided by the total runtime), average and peak CPU utilization, average and peak RAM 

usage, and average and peak device temperature. 

 

4 Results and Analysis 

This section presents the results of testing five facial recognition pipeline optimization strategies on 

the Raspberry Pi 5 along with their analysis. Prior to evaluating the optimization strategies, the main 

pipeline parameters—the cosine similarity threshold, sample interval, and confirm hits—were 

determined through preliminary experiments to ensure the optimization strategy testing was 

conducted with a valid parameter configuration. 

 

4.1 Threshold Selection and Temporal Parameters 

The threshold, sample interval, and confirmation-hit parameters were selected during the 

development stage using samples derived from the available classroom video collection. These 

parameters were fixed before the individual optimization configurations were compared. However, 

because no fully independent held-out video set was available, the parameter-selection and 

configuration-evaluation stages shared the same recording domain. Therefore, the reported results 

should be interpreted as an internal comparative evaluation rather than an unbiased estimate of 

generalization performance on unseen classroom videos. 

The cosine similarity threshold was selected by testing three candidate values in the open-set 

recognition scheme: 0.65, 0.70, and 0.75. The test used 54 known student face samples and 16 

unknown face samples cropped from class videos. The test results are presented in Table 2. The 

results in Table 2 demonstrate a classic trade-off between the false accept rate (FAR) and false reject 

rate (FRR) as the threshold increases. At a threshold of 0.65, the system achieved the highest known 

accuracy of 94.44%, but the FAR was also very high at 43.75%, meaning nearly half of the unknown 
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faces passed as enrolled students. In the context of an attendance system, a high FAR is very 

dangerous because it can record the attendance of people who are not actually enrolled in class. 

 

Table 2 Cosine similarity threshold test results  

Threshold Known Accuracy 

(%) 

Unknown Rejection 

(%) 

FAR 

(%) 

FRR 

(%) 

Overall Accuracy 

(%) 

0.65 94.44 56.25 43.75 3.70 85.71 

0.70 90.74 56.25 43.75 7.41 82.86 

0.75 77.78 81.25 18.75 22.22 78.57 

 

At a threshold of 0.70, the FAR remained at 43.75%, while the known accuracy actually decreased 

to 90.74%. This configuration was dominated by the 0.65 threshold and offered no benefits. 

Conversely, the 0.75 threshold showed the most balanced profile: the FAR dropped significantly to 

18.75%, unknown rejections increased from 56.25% to 81.25%, and the number of misidentifications 

was zero. The consequence is an FRR increase to 22.22%, but in the context of video processing, the 

FRR per frame is largely mitigated by the temporal nature of the pipeline. Because each student may 

appear in multiple sampled frames, the temporal confirmation mechanism provides several 

opportunities to accumulate the three successful matches required for attendance confirmation. 

In the attendance context, false acceptance was considered more costly than false rejection because 

it could incorrectly associate an unenrolled face with a registered identity. Therefore, threshold 

selection prioritized lower FAR and the absence of identity misclassification over maximum sample-

level overall accuracy. Based on this criterion, a threshold of 0.75 was selected. 

 

Table 3 Results of testing the combination of sample interval and confirm hits 

Sample Interval (s) Confirm Hits Confirmed Students Unknown Tracks Coverage (%) 

3 2 48 130 90.57 

3 3 47 100 88.68 

5 2 48 87 90.57 

5 3 47 60 88.68 

10 2 45 50 84.91 

10 3 36 37 67.92 

 

After the threshold was set at 0.75, the temporal parameters of sample interval and confirm hits 

were evaluated to determine the combination that provided the best balance between identification 

coverage and processing efficiency. Six combinations were tested with sample intervals of 3, 5, and 

10 seconds, and confirm hits of 2 and 3. The test results are presented in Table 3. 

The results in Table 3 reveal two important observations. First, configurations with 3-second and 

5-second sampling intervals yield identical coverage for the same number of confirm hits. The pairs 

(3s, 2 hits) and (5s, 2 hits) both yield 48 confirmed students, and (3s, 3 hits) and (5s, 3 hits) both yield 

47 students. This means that increasing the interval from 3 to 5 seconds does not compromise 

coverage at all. This suggests that sampling every 3 seconds is oversampling for the class attendance 

scenario; a 5-second interval is sufficient to capture every student's appearance. Second, the coverage 

decline only becomes significant at the 10-second interval, particularly with 3 confirm hits, which 

causes coverage to drop to 67.92%. At this interval, the system does not have enough opportunity to 

capture three confirmations for each student within the limited video duration. 
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The choice of confirm hits presents an interesting trade-off. At 5-second intervals, moving from 2 

to 3 confirm hits resulted in only 1 confirmed student being excluded (from 48 to 47), but the number 

of unknown tracks dropped significantly from 87 to 60. The decrease in unknown tracks suggests that 

the stricter criteria removed more unconfirmed tracks. However, without track-level ground truth, 

these tracks cannot be conclusively attributed to unknown individuals, false detections, or track 

fragmentation. The (5s, 3 hits) configuration was chosen as the final temporal parameter configuration 

because it provided higher confirmation reliability at the cost of minimal accuracy, while also being 

consistent with the conservative philosophy adopted in selecting the 0.75 threshold. 

 

4.2 Pipeline Optimization Strategy Evaluations 

 
Figure 2 Effect of frame downscaling factor on runtime and recognition accuracy 

Figure 2 presents the results of the frame downscaling test in the form of a dual-axis chart, with 

bars showing the total runtime and lines showing the number of confirmed students. At a scale of 1.0 

(baseline), the pipeline produced a runtime of 1,274.83 seconds with 47 confirmed students. 

Downscaling to 0.75 reduced runtime from 1,274.83 s to 947.72 s, corresponding to a 25.66% 

reduction. The number of confirmed student-video attendance instances decreased from 47 to 46, 

equivalent to a 2.13% decrease. This configuration is marked as a sweet spot (teal bar) and was 

selected as the pipeline optimization component. However, further downscaling to 0.5 actually 

increased the runtime to 1,174.03 seconds and resulted in the loss of 10 confirmed students. The 

reason for the non-monotonic runtime at a scale of 0.5 cannot be determined from the aggregate 

measurements alone. Possible contributing factors include changes in detection behavior, tracking 

fragmentation, and downstream processing patterns, but per-stage profiling would be required to 

verify these explanations. 
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Figure 3 Effect of static ROI on runtime and CPU Utilization 

Figure 3 shows the results of the static ROI test, which demonstrates findings contrary to 

theoretical expectations. Applying ROI q1 increased runtime from 1,532.21 s to 2,195.89 s, 

corresponding to a 43.32% increase relative to the full-frame configuration. ROI q2 further increased 

runtime to 4,589.71 s, corresponding to a 199.55% increase. Therefore, neither static ROI 

configuration produced a runtime improvement in the evaluated setup. The lower CPU utilization 

accompanied by a longer runtime suggests that the pipeline may have spent more time in serial, 

waiting, or non-CPU-intensive operations. However, because per-stage profiling was not conducted, 

the present results cannot determine whether the increase originated from cropping, video access, 

tracking, format conversion, or another pipeline component. 

In rebuild mode, the prototype preparation phase took an average of 30.612 seconds (range: 22.021 

to 47.042 seconds) because the pipeline had to recalculate the embedding from the reference photo 

with each execution. Meanwhile, cache mode, which loads the embedding directly from a saved .npy 

file, took an average of only 0.003 seconds (3 milliseconds), with very little variance. This 

approximately 11,000x speedup is dramatic for the preparation phase, but it needs to be understood in 

a broader context: the preparation phase only accounts for about 2–3% of the total runtime of the 

three-video processing pipeline. Therefore, prototype caching is more appropriately positioned as a 

deployment and system startup time optimization than an inference runtime optimization, and is 

therefore not included as a key component of the selected pipeline configuration, although it may be 

enabled in future implementations as a startup-time optimization. 
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Figure 4 Effect of sample interval on runtime and confirmed attendance instances  

Figure 4 shows the results of a sample interval tuning test with a pattern similar to frame 

downscaling: neither monotonic nor intuitive. At a 5-second interval (selected configuration, teal bar), 

the pipeline produced a runtime of 1,348.06 seconds with 46 confirmed students. A 7-second interval 

reduced the runtime to 1,099.16 seconds (an 18.46% decrease), but at the expense of 4 confirmed 

students (to 42). Conversely, a 10-second interval increased the runtime to 1,626.14 seconds with the 

loss of 14 confirmed students (a drop to 32). The longer runtime observed at the 10-second interval 

may be associated with video-seeking and decoding behavior. However, this explanation was not 

directly verified through decoding-time or per-stage profiling and should therefore be treated as a 

hypothesis. While the 7-second interval provides a speedup, losing 4 students is considered too large 

for the context of an attendance system. Therefore, the 5 second interval was retained as the chosen 

configuration, consistent with the conservative philosophy applied to the previous threshold and 

confirm hits selection. 

 

 
Figure 5 Comparison of Haar Cascade and YuNet detectors 

Figure 5 presents a comparison of the Haar Cascade and YuNet detectors in the form of a grouped 

bar chart. Haar Cascade and YuNet produced a similar total number of face detections, with 1,528 and 

1,512 detections, respectively. However, YuNet produced only 31 confirmed attendance instances 

compared with 46 for Haar Cascade. This indicates that detection count alone does not explain the 

difference in downstream confirmation performance. The present experiment did not evaluate 

bounding-box alignment, crop quality, genuine-similarity distributions, or tracking fragmentation. 

Therefore, the specific cause of YuNet’s lower confirmation performance cannot be determined from 

the current results. Based on the observed end-to-end results, Haar Cascade was retained for the 

evaluated FaceNet pipeline. This finding should not be interpreted as evidence that Haar Cascade 

generally outperforms YuNet in other datasets or preprocessing pipelines. 

 

4.3 Selected Pipeline Configuration and Trade-off Analysis 

Based on the evaluation of five optimization strategies, the selected configuration for further 

evaluation on Raspberry Pi 5 was set with the following parameters: threshold cosine similarity 0.75, 

sample interval 5 seconds, confirm hits 3, frame scale 0.75, Haar Cascade detector, and prototype 

mode rebuild. This configuration incorporates the frame downscaling strategy as the main 

optimization component, while other evaluated strategies (static ROI, prototype caching for pipeline 

runtime, sample interval above 5 seconds, and YuNet detector) were not adopted because they did not 

provide significant net benefits on the test setup. 
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Figure 6 Comparison of baseline and selected configuration 

 
Figure 7 Magnitude of change relative to baseline 

Figure 6 and 7 summarize the performance profile of the selected configuration compared to the 

baseline in three complementary visual sections. The selected configuration reduced runtime by 

25.66%, increased effective sampled-frame throughput by 34.62%, and reduced average RAM usage 

by 6.86%. These improvements were accompanied by several trade-offs: average CPU utilization 

increased by 10.45%, peak temperature increased by 1.10°C, and confirmed attendance instances 

decreased from 47 to 46. 

 

4.4 Research Limitations 

This study has several limitations that should be considered when interpreting the reported 

findings. First, each pipeline configuration was evaluated using a single execution without 

independent experimental repetitions. Runtime and resource utilization may therefore have been 

influenced by temporary system conditions, including the initial device temperature, operating-system 

activity, container state, and system cache. Consequently, the reported differences, including the 

25.66% runtime reduction achieved by frame downscaling at a factor of 0.75, represent descriptive 

observations from the evaluated executions rather than statistically validated performance gains. The 

reported average CPU utilization, RAM usage, and device temperature refer to averages across 

monitoring samples collected within a single execution and should not be interpreted as averages 

across repeated experimental runs. Repeated trials with randomized execution order and the reporting 

of mean and standard deviation are required to assess the stability of these results. 

Second, the evaluation dataset was limited to three prerecorded classroom videos with a total 

duration of 16 min 23 s, recorded at a resolution of 1920 × 1080 pixels using a static camera under 

relatively similar classroom conditions. The enrollment database contained only 18 students, while the 

evaluation reference consisted of 53 student-video attendance instances across the three videos. 

Therefore, the findings may not generalize to larger student populations, longer recording durations, 
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different camera positions, lower-resolution video, substantial illumination changes, severe facial 

occlusion, or more crowded classroom environments. Changes in these conditions may affect face 

size, detection reliability, similarity-score distributions, tracking stability, and the optimal recognition 

threshold. 

Third, threshold and temporal-parameter selection were performed during the development stage 

using data from the same limited classroom-video domain employed in the configuration comparison. 

The cosine similarity threshold, sample interval, and confirmation-hit requirement were fixed before 

the individual optimization strategies were compared; however, no fully independent held-out 

classroom-video set was available for final validation. Consequently, the reported recognition 

coverage and selected configuration may be influenced by the characteristics of the available 

recordings and may provide an optimistic estimate of performance on unseen classroom 

environments. The results should therefore be interpreted as an internal comparative evaluation of 

pipeline configurations rather than as an unbiased estimate of generalization performance. 

 

Fourth, several counter-intuitive results could not be explained conclusively using the collected 

aggregate measurements. These include the runtime increase at a frame scale of 0.5, the 43.32% and 

199.55% runtime increases produced by ROI q1 and ROI q2, respectively, the longer runtime 

observed at a 10-second sampling interval, and the lower attendance-confirmation performance 

obtained using the YuNet detector. The current experiment did not measure execution time separately 

for video access, frame preprocessing, face detection, embedding extraction, tracking, identity 

matching, and monitoring operations. It also did not compare bounding-box alignment, crop quality, 

genuine-similarity distributions, or tracking fragmentation between Haar Cascade and YuNet. 

Therefore, explanations involving video-seeking overhead, cropping operations, detector bounding-

box characteristics, or tracking behavior should be treated as hypotheses rather than established causal 

findings. Per-stage profiling and detector-specific crop analysis are required to determine the sources 

of these performance differences. 

Finally, this study evaluated identity recognition but did not incorporate presentation attack 

detection or evaluate resistance to spoofing attempts using printed photographs, recorded videos, 

masks, or digital displays. Accordingly, the proposed pipeline cannot be considered an anti-spoofing 

or fraud-prevention system. Its potential contribution is limited to supporting identity-based 

attendance verification and potentially reducing simple proxy attendance involving identity 

substitution. In addition, the study focused on pipeline-level optimization and did not investigate 

model-level techniques such as quantization, pruning, knowledge distillation, or hardware 

acceleration. These limitations indicate that the selected configuration should be regarded as a 

candidate for further validation on the Raspberry Pi 5 rather than as a deployment-ready attendance 

solution. 

 

5 Conclusion 

This study conducted a descriptive single-run evaluation of five pipeline-level optimization 

strategies for an edge-based facial recognition attendance system on a Raspberry Pi 5. The evaluated 

strategies included frame downscaling, static region of interest (ROI), prototype caching, sample 

interval tuning, and face detector comparison. The pipeline employed FaceNet for facial embedding, 

cosine similarity for open-set identity matching, and track-based temporal confirmation. The 

evaluation used three prerecorded classroom videos with a resolution of 1920 × 1080 pixels, a total 

duration of 16 min 23 s, and an enrollment database containing 18 students. Across the three videos, 

53 student-video attendance instances were used as the reference for attendance confirmation. 

Among the evaluated strategies, frame downscaling at a factor of 0.75 provided the most 

favorable observed trade-off between recognition coverage and computational efficiency. Compared 

with the baseline, this configuration reduced runtime from 1,274.83 s to 947.72 s, corresponding to a 

25.66% reduction, while the number of confirmed student-video attendance instances decreased only 

slightly from 47 to 46. Effective sampled-frame throughput increased by 34.62%, and average RAM 

usage decreased by 6.86%. These improvements were accompanied by an increase of 10.45% in 

average CPU utilization and an increase of 1.10°C in peak temperature. Therefore, higher CPU 

utilization was treated as a resource trade-off rather than as a performance improvement. 
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The remaining optimization strategies produced more varied results. Prototype caching 

substantially reduced prototype preparation time and may therefore be useful as a system-startup 

optimization, although its contribution to the end-to-end video-processing runtime was limited. Static 

ROI did not improve runtime in the evaluated setup; ROI q1 and ROI q2 increased runtime by 

43.32% and 199.55%, respectively, relative to full-frame processing. Increasing the sample interval 

beyond 5 s reduced attendance-confirmation coverage, while YuNet produced fewer confirmed 

attendance instances than Haar Cascade despite generating a similar number of face detections. 

Because per-stage profiling, bounding-box analysis, and genuine-similarity distribution analysis were 

not conducted, the specific causes of these counter-intuitive results cannot be determined from the 

current measurements. Based on the observed end-to-end comparison, the selected pipeline 

configuration used a cosine similarity threshold of 0.75, a 5-second sample interval, three 

confirmation hits, a frame scale of 0.75, and the Haar Cascade detector. Prototype rebuilding was 

retained during the comparative experiments for consistency, although prototype caching may be 

enabled to reduce preparation time in an implementation setting. 

 

Overall, the findings indicate that the selected configuration was computationally feasible within 

the evaluated prerecorded-video scenario on a Raspberry Pi 5. However, the results should not be 

interpreted as evidence of general deployment readiness because each configuration was executed 

only once, the dataset was limited to three videos and 18 enrolled students, and no fully independent 

held-out classroom-video set was used for final validation. In addition, the system did not incorporate 

presentation attack detection and therefore cannot be considered resistant to spoofing attacks 

involving photographs, recorded videos, or digital displays. Future work should conduct repeated 

trials with randomized execution order and report mean and standard deviation, evaluate the pipeline 

using independent classroom recordings and larger enrollment databases, perform per-stage profiling 

to identify computational bottlenecks, analyze detector-specific crop and embedding quality, integrate 

presentation attack detection, and investigate model-level optimization techniques such as 

quantization, pruning, and knowledge distillation. Consequently, the selected configuration should be 

regarded as a candidate for further deployment validation rather than a deployment-ready attendance 

solution. 
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