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ABSTRACT: Student attendance management is an undertaking, which consumes a great deal of resources, and whose
results can still be marred by proxy fraud and clerical error. This proposal is an AttendAl, full-stack, real-time,
automated attendance management system, a blend of facial recognition, which is deep learning-associated and a Flask
REST API on a MongoDB Atlas cloud database. Using the InsightFace ArcFace pipeline, multiple students can be
recognized and identified right in real-time on live webcam images so that the teacher makes them available through a
web browser interface. Poor attendance journalizing is only written on a legit timetable slot which gives a schedule
integrity to the server level. Offline enrollment averages per-student embeddings on a dataset of reference images, and
enhances resistance to pose and expression change. To get the highest recognition rate a cosine-similarity parameter ( T
) = 0.35 produces a highest recognition rate of 96% with a per-frame CPU processing latency of 120178ms and a
maximum number of a total of 6 students simultaneously. The entire system encompasses the complete attendance
cycle - selecting the classes and recognizing them in real time, going through a teacher review verification step, and
permanent storage in the database, along with student, faculty, and timetable-management multiple views.

KEYWORDS: ArcFace, attendance automation, biometric identification, deep learning, facial recognition, Flask,
InsightFace, MongoDB Atlas, proxy prevention, real-time systems.

I. INTRODUCTION

Proper documentation of attendance is one of the basic needs of administration in institutions of higher learning.
Although it is a routine process, this access to faculty members has a regular time cost: Roll calls cost several minutes
of lecture time and the paperwork resulting has to be manually input into institutional systems two-step process that
further amplifies potential error rates. In addition to its inefficiency, conventional methods are also prone to proxy
attendance where a physically absent student will have someone impersonate him/her. Such fraud can only be detected
manually, either by having a human continually scrutinize the classroom or by verifying them biometrically - neither of
which would be feasible at scale without software.

Biometrics solutions offer a philosophical remedy. Face recognition, compared to other modalities, has a very
advantageous place to be implemented in classrooms: it is completely non-contact, does not require any special
equipment on the side of the student, can be passively used by a single fixed camera, and will not cause any physical
friction in the classroom. A student who walks into a classroom and sits is identified without any conscious effort on
his part and all compliance weight is taken off her.

Several early face-recognition attendance system implementations, based on handcrafted features Local Binary Patterns
(LBP), Eigenfaces based on PCA projection, or Fisher discriminant analysis, set the conceptual framework but always
failed in practice when subjected to real-world circumstances; changing illumination as the day progresses, off-axis
views taken when students stare up at the board or their notes or reference books, partial occlusions These constraints
inspired a change towards end-to-end learned representations.
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Performance ceiling was greatly reached when large-margin loss functions were introduced to deep face recognition.
Builds upon ArcFace [2], which defines recognition as classification on a unit hypersphere with an additive angular
margin penalty, yields the embeddings in 512 dimensions in which the cosine distance yields identity similarity in a
clean way. Combined with RetinaFace Multi-Scale detector and InsightFace open-source toolkit [3], these
improvements enable the deployment of an effective multi-face recognition system with a standard CPU-only setup
without special infrastructure.

On this basis, we introduce our concept AttendAl which is a complete production-bound attendance automation. The
main findings of this work are: (i) integrated real-time face recognition with timetable-gated access control/end-to-end
system architecture; (ii) mean-embedding enrolment plan of converting many reference images into just one robust
gallery vector/student; (iii) Laplacian-variance blur pre-filter discarding and dead frames before neural inference
process; and (iv) multi-view teacher dashboard

The rest of the paper is formatted as follows. Section II discusses related work. The background and motivation are
detailed in Section III. Part IV includes the system architecture and design. Section V describes the face recognition
engine. In section VI, there is a database design. Section VII describes the implementation and web interfaces. Section
VIII presents the results and discussion of the experiments. Section IX has a conclusion and provides future work
directions.

II. LITERATURE SURVEY

Automated attendance systems are closely related in the history of computer vision overall and machine learning in
particular. The previous one employed Viola-Jones Haar cascade detectors [1] to find the faces, and allow verification
of the identity using Eigenface or Fisherface classifier. In spite of being able to compute cheaply and run on much less
hardware, they were very vulnerable to performance decreases with respect to illumination change and non-frontal
poses and so were not useful in spontaneous classroom applications.

Illumination sensitivity was partly attended to by using the Gabor wavelets and Local Binary Pattern histograms to
work on local texture statistics as opposed to global pixel intensities [S]. Description Excellent attendance systems are
known to have a satisfactory accuracy under semi-laboratory conditions and could not be extrapolated to unrestricted
environments in which the target could move around freely and the light conditions slowly changed throughout the day.

The Deep Learning world gave birth to paradigm shift. Results of Taigman et al. [7], using a nine-layer convolutional
network, trained with a 3D refinement step demonstrated an approximation of human verification accuracy, that the
results of learned representations could outperform human-crafted features (areas) significantly. Subsequent studies of
loss geometry design like contrastive loss, triplet loss, SphereFace [8], CosFace, and others, began refinements on the
embedding geometry, with ArcFace [2], which deploys a fixed angular margin in the angular space of the embedding
hypersphere. ArcFace embeddings exhibit intra-class clustering and inter-class separation and this shows that the
thresholding based on cosine-distance is an efficient rule to make identity decisions.

At the detection end, RetinaFace [3] suggested an addition to multi-task learning architecture to simultaneously predict
face bounding boxes, facial landmarks and 3D face mesh in a single forward pass that offers scale- and rotation-
invariant robust detection. The InsightFace toolkit is a collection of both arcface recognition and RetinaFace detection
in one and easy to operate Python library enabling practical applications of both to be made without the burden of
intermediary expertise in model execution.

These developments have seen different levels take advantage of them based on the attendance specific systems. To
build an initial prototype Neto et al. [4] created the prototype basing on LBP features that have been obtained via a web
interface showing real-world relevance of enrollment management and session-level deduplication. Recent studies [6]
have indicated the CNN-based recognition of smart classrooms using IoT sensors, but on individual students, rather
than multi-face recognition simultaneously. The cloud-based deployments have been explored as far as the question of
scalability goes but otherwise in most of the instances have not adopted the schedule-enforcement feature that prevents
instances of fraud out-of-class attendance.

The under development fulfils these gaps by adding a state of the art deep recognition with fully implemented

application stack: timetable-gated REST endpoint endpoints, an online cloud Atlas MongoDB storage, a mean-
embedding enrollment pipeline, a blur-based quality filter and a full teacher facing web dashboard - it can be deployed
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on commodity hardware and does not require any GPU infrastructure.
II1. BACKGROUND AND MOTIVATION

A. The School Problem of Absenteism.

It is the legal and administrative responsibility of academic institutions to keep proper attendance registers of each
course section. These reports control scholarship eligibility, decision and report on progression and regulatory
compliance. In practice attendance information is usually gathered by roll calls at the beginning of each lecture,
creating a per-session list which needs to be transcribed, stored and summed up over the semester.

This workflow as a system is weak in three aspects. First, it consumes lecture time in the same fraction as does 5 or 7
minutes per session 60 student section can consume a slice of 5-7 minutes of lecture time in the same proportion that it
occupies lecture time (a 60 student section can take 5-7 minutes in a section). Second, manual data entry is a procedure
that instifles data entry defects which are difficult to reverse audit in the back part. Third, and most crucially, it does not
provide any way in which we might be confident that the student answering is looking at us in the face: a banal verbal
assurance can always be made trivially.

B. Why Face Recognition

Face recognition may be regarded as one of the most appropriate biometric modalities due to its potential to be passive,
nondestructively gathered and with the least effort to implement in practice as the classroom scenario requires the
combination of a variety of modalities: fingerprint, iris, voice, gait and face. Fingerprints scanners have to be touched
individually and iris scanned, voice recognition is sensitive to other voices. Conversely, face recognition merely
requires any commercial camera that has an unobstructed view of the classroom, students do not need to take any
action in person, and can be scaled to simultaneous identification of an entire classroom.

Deep learning based face recognition algorithms are already state of the art with greater than 99.8 percent verification
accuracy on idealized benchmarks [2], meaning that in the real world (and under moderately challenging conditions)
there are almost no errors. The remaining problems, which comprise the following extremes of illumination, extremely
low resolution, extreme occlusion and adversarial spoofing, can be resolved by design choices (the camera placement,
selecting a filter to remove shadows, liveness detection) and not by intrinsic limitations of the algorithm.

C. Motivation for AttendAl

Existing open attendance systems (open source) are either not reliable in going to production (single-face processing,
not persistent on clouds) or not a good fit to operate with a large number of rack-mountable servers. AttendAl is
motivated by the wish to achieve: (i) accurate enough to be deployed to an unattended classroom; (ii) fast enough to run
live video stream on a CPU; (iii) secure enough to thwart out-of-ignored fraud; and (iv) complete enough to take over
the entire manual workflow without creating parallel systems.

IV. SYSTEM ARCHITECTURE

A. Three-Tier Design

AttendAl is a typical, three-tier web application structure. Presentation tier is a web-based interface, which receives the
webframe of the web cam through HTMLS MediaDevices API and displays the attendance feedback real-time. The
application layer is a Flask REST server which accepts the frames via the HTTPS stream, coordinates face recognition,
enforces access control based on the time schedule, and manages the state of sessions. The MongoDB Atlas data tier is
a fully managed cloud platform database that offers horizontal scalability, automatic failover and geographic
replication.

This isolation of responsibilities enables scaled operation of each level: the browser client can be utilized by the current
device of the teacher, a Flask server can be deployed in any VM with a cloud provider or any on-premises computer,
and data persistence can be done by MongoDB Atlas without the application server needing to operate data
infrastructure. As can be seen in Figure 1, the teacher dashboard will be the starting point of all the attendance sessions.
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Fig.1. AttendAl Teacher Dashboard — Class Selection

B. Request Processing Lifecycle

Upon opening a class and initiating a live session, the browser will go into an endless capture loop: each 2 seconds, a
JPEG image will be captured off the live camera stream, it is client-side compressed to save on transmission bandwidth
and sent as raw bytes over to the /process_frame endpoint. The server unpacks the binary payload with OpenCV, feeds
the resultant NumPy array into the InsightFace recognition engine, and is returned a list of detection objects - which are
each a bounding box, matched identity string, and cosine similarity score.

The server has a per-session Python set in application memory (CURRENT SESSION PRESENT). Every new student
found horde the name of which is not in this set is inserted and recorded in the JSON response, and later frames which
again identify the same student will not cause further writes to the database. By clicking Stop, the teacher sets the
passing of the session set to a confirmation screen in which individual entries may be unselected manually prior to
receipt. Finalization cycles through the verified list and features a single attendance document per student in MongoDB
and clears the session set.

C. Time Based Access Control.

An important security aspect of AttendAl is a mandatory attendance marking only within designated time frames. All
calls to /process_frame call get active timetable (subject, department) first, asking the timetable collection to find a
document, where day field = current week-day and start and end time interval contain the current system clock time. In
case of the non-presence of such document, the endpoint sends a frame-destroying reply at once, with the status 403
Forbidden and does not even bother with recognition.

This design makes it impossible to record an attendance beyond the scheduled class session even when an accidental
teacher leaves a window of a session open or an attacker revisits recorded frames. At query time, the MongoDB is
loaded with the timetable data, thus a schedule change is immediately put into effect without a restart of a server. The
weekly timetable (Figure 2) includes the type of slots painted in color.

Weekly Timetable
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Fig.2. Weekly Timetable — Regular (Teal) and Lab (Amber) Slots
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V. FACE REECOGNITION ENGINE

A. InsightFace Pipeline

The recognition subsystem is itself located in the file face engine.py and is launched when the server starts starting with
InsightFace FaceAnalysis class and CPUExecutionProvider backend. This selection of execution providers suggests
that the system can take advantage of mere normal processor hardware, not using a discrete GPU, and deployment to
any modern laptop or cloud VM is likely to be free. The pipeline is made of three consecutive steps where each new
frame passes through:

Stage | - Detection: retinaface detects axis-aligned bounding box and five face landmark features (eye center, nose tip,
and mouth corners) of every face that it can detect in the input frame by scanning it with multi-scale convolutional
filters. Detecting a large range of different scales of faces, the detector has a fairly good accuracy with faces that are as
small as 20 priority of face scales and 20 pixels per pixel in the input resolution.

Stage 2 — Alignment: All face crops as seen are warped by another similarity transform (rotation, uniform scaling,
translation) that forms map equivalents of the five predicted landmarks to a canonical template on a 112x112 pixel grid.
This normalization is essential: it eliminates the variability in in-plane rotation and makes sure that the next feature
extractor will receive a constant-oriented input irrespective of the pose of the head of the student.

Stage 3 -Embedding: The aligned crop is embedded to an ArcFace ResNet-50 backbone which produces a 512-
dimensional floating-point embedding. Before matching, this vector is L2-normalized to unit length thus limiting any
embedding to a unit hypersphere and making the matching operation a dot product that is equivalent to cosine
similarity.

B. Student Enrollment Procedure

Enrollment is done as an offline batch operation before deploying the system. One of the reference collections of face
pictures is organized as a per-student directory: each of the subdirectories is labeled by the identifier of the student and
contains 5 to 20 pictures under various conditions: in various lighting conditions, slightly different positioning and with
or without glasses.

The enrollment script identifies all faces in an image and chooses largest detected face (in terms of bounding box area)
to avoid spurious detection of background persons, the embedding of a face is obtained and L2- normalized. The mean
of the embeddings obtained must be considered once all the images of a specific student have been averaged which will
be one 512-dimensional mean vegetable. This is an average value of the vectors which is re-normalized again to a unit
length and is saved in the MongoDB Students collection as a record of a student.

The mean-embedding strategy is one of the design options. An individual snapshot of the student captures the student
in a single situation; across a series of snapshots, averaging gives the student a centroid in embedding space which is
more abundant of within-class variance. Such an approach empirically, has a large reducing power in pupils whose
looks vary by session.

C. Cosine Similarity Identity Matching

The query embedding q is compared with the entire gallery at inference time by comparing the dot product scores(q,
r i) =q - r_i to every gallery vector r i (unit-normalized). The gallery entry that has the top score is provisionally
identified as corresponding identity. When this maximum score is greater than the threshold t, then the detection is
registered as a known student, otherwise the face is considered Unknown and is not marked as attending.

Figure 3 indicates recognition accuracy with respect to t tested on the test dataset. Accuracy peaks at 96% for t = 0.35.
At lower thresholds, low-quality embeddings of half-occluded or blurred faces are mistakenly recognized (false
acceptances); at higher thresholds, true matches of students at non-frontal angles are below the threshold (false
rejections). It uses the value, T = 0.35 as the operating point, which achieves the highest balanced accuracy in both
types of errors.
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Fig.3. Recognition Accuracy vs. Cosine Similarity Threshold t

D. Laplacian Variance Blur Pre-Filter

Live video streams always include frames that have been degraded due to motion blur especially when a student is
about to sit down, turn his/her head or when a student is moving seats. Embedding a blurred face crop to Arcface
extractor results in an inaccurate embedding, which would lead to false identifications. To do this at a cheaper cost than
neural inference on each crop, we use a lightweight pre-filter: the Laplacian operation is convolved with the grayscale
image of each face crop, and the gradient magnitude image variance is calculated. A low variance means spatial
smoothness (in accord with blur). Silently discarding crops with a Laplacian variance less than 60 prior to embedding
extraction is a gating step effectively allowing only the costly neural inference on inputs that pass the quality test to be
performed.

VI. DATABASE DESIGN

A. MongoDB Collection Schema

AttendAl deploys MongoDB Atlas with 5 collections that constitute the overall data model. The columns in the
Teachers collection include: teacher id, hashed password (PBKDF2-SHA256, using Werkzeug) name, username, and
the department. The Students table is where student-id, name as well as the 512 length floating-point embedding array
is stored. The Classes collection links every subject code with the name of a teacher, class name, and a room name. The
Timetable collection captures the day of the week, commencement time (HH:MM), the conclusiveness of time
(HH:MM), subject, department and room spent by each slot. The Markattendance collection will record the entire
record of each attendance instance: student id, student name, subject, date (YYYY-MM-DD), day of week, clock time,
start and finish time of a schedule slot, and a status field with a value of Present.

The uniqueness constraint is at the database level enforced by a compound index on the primary key (student id,
subject, date) of gallery collection Markattendance: although the application layer might write the same student on the
same date with the same subject, MongoDB has rejected all but the first such write, which offers a defense-in-depth
guarantee against duplication of the attendance record.

P. Waveform aggregation pipeline.

A multi-stage MongoDB array of aggregation creates the student report. The initial stage takes all the Markattendance
records and aggregates them around the composite key student-id / subject, and counts the number of attended sessions
per subject per student. The second step re-groups by student id, and shoves the per subject counts into an array and
adds them to get a final figure of sessions attended. The third phase predicts the end result, and to calculate the overall
attendance percentage, (total attend / TOTAL classes) / 100) will be calculated and rounded off to two decimal points.
The outcome documents are translated into the Students view in Figure 4 with percent badges less than 75% as the red
ones to indicate students who will be targeted by academic punishments via attendance.
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Fig 4. Student Report — Register ID, Attendance % and Subject Breakdown

The report by the teachers relies on a similar pipeline which counts the number of unique tuples of (subject, date) pairs
of teacher of their subjects, as a measure of the classes taught. This view is displayed in figure 5.

Fig 5. Teacher Report — Classes Conducted per Faculty
VII. IMPLEMENTATION

A. Technology Stack

The Python 3.10 server-side application is built on the Flask micro-framework, serving Python 3.10, as an HTTP
routing and session management framework. This is because PyMongo allows connectivity to a database and it
automatically resolves to the topology of the cluster by using SRV DNS resolution using the official MongoDB Atlas
connection string. OpenCV 4.8 is utilized in activities of computer vision: frame decoding, color conversion and blur
scoring. InsightFace library version 0.7 is a face detector and face recognition prototype which provides pre-trained
retinaface and arcface models. The web frontend is coded in HTMLS5 and CSS3 with bespoke properties and vanilla
JavaScript to operate the camera capture loop, and to submit AJAX frames.

B. Authentication and Security.

Teacher accounts are secured with Werkzeug, by creating a pass word hash, and checking password hash (by Invoking
generate password hash and password hash checking functions) based on PBKDF2-SHA256 and with a randomly
generated per-password salt. Never are passwords stored in plaintext. The decorated routes all have a login required
decorator with failed routes redirecting to the login page. On the server side, cookies are signed with a secret key
thereby deterring the client-side fraud. Additional access control provided by the time schedule enforcement
mechanism listed in Section [V-C can serve to provide an additional access control layer to the attendance process.

C. System Flow

The entire credit of the way how AttendAl works is as follows. When it is authenticated by a teacher, the dashboard
displaying all the classes set up is shown and the target class is selected which directs to the live attendance view. The
browser begins to save and queue up the frames; the server recognizes students pushing names back to the Ul, as they
fall in. At the end of the session, the teacher also can click on Stop, audits the confirmation list, and can remove the
falsely identified names, and finalize. The server will leave a record of the attendance of the registered students and
send to the dashboard. This entire process, which involves the onset of the session up to its conclusion, will typically
take 3-5 minutes in an example of a classroom with thirty students.
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VIII. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Setup

It was implemented and tested in an actual classroom setting at the Department of Electronics and Telecommunication
Engineering. The test data included students taking a variety of courses. Enrollment reference images were taken in
controlled (frontal, neutral expression, good light) and varied (side views, glasses, days training) conditions. The tests
were carried out in natural fluorescent light conditions (indoor) with a standard 1080p USB web camera that was
placed at a height of around 2 meters, and a distance of about 3-4 meters before the 1st seat of the row.

B. Method Comparison

The test dataset has also been run through two baseline methods: LBP histogram matching and nearest-neighbor
classification to place AttendAl into perspective, and an Eigenface projection score based on the PCA and cosine
distance. The recognition accuracy is shown in Figure 6. LBP has 75% accuracy, which indicates that it is sensitive to
the difference in illumination. PCA-based Eigenfaces are considered to be enhanced to 82% because they can carry out
the discriminative activity in a lower-dimensional subspace. AttendAl ArcFace index has an accuracy of 95 percent, 13
percentage points better than PCA and 20 points better than LBP, which justifies the use of deep learned
representations in this deployment scenario.

Comparison of Face Recognition Methods

80

Accuracy (%)
o
o

5
S

201

LBP PCA ArcFace
Method

Fig.6. Recognition Accuracy: LBP (75%) vs. PCA (82%) vs. ArcFace (95%)

C. Threshold Sensitivity

Figure 3 (Section V-C) indicated that the accuracy is maximized at T =0.35, and increases outwards in both directions-
smaller thresholds allow marginal matches and larger thresholds differentiate valid ones. This can be observed to be the
case with the geometric interpretation of the ArcFace embedding space: real pairs will cluster around cosine similarity
of 0.40 or higher whereas impostor pairs will not without clustering to the lower half and the overlap area will center
around 0.35, which is the case in this dataset. The system is calibrated every time the institution is deployed in new
settings (more students, other geometry of the cameras) because 1 is expected to change.

D. Processing Latency

Figure 7 shows the curve of per-frame processing time vs. 20 consecutive test frames on a typical consumer laptop
(Intel Core 15, 8 GB RAM, no discrete graphics card). Response times span between 120 ms and 178 ms with an
average response time of about 152 ms along with a headroom of over 92 percent per sample period. The system can
easily run within real-time constraints even on CPU-only hardware and has over 92 percent latency budget headroom at
a 2 seconds server-side sample rate.
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Recognition Time per Frame
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Fig.7. Per-Frame Recognition Processing Time (ms) — CPU Only

The difference in processing duration (range: 58 ms), has been largely explained by the quantity of faces observed at
one frame per process: frames with 5-6 students attract a proportional number of alignment and embedding operations
as compared to the frames with 2-3 students. Secondary factors are operating system scheduling jitter, and memory
bandwidth contention due to running system processes.

E. Multi-Face Live Recognition.

These are representative frames of the live system, running with a full pipeline, as seen in Figures 8 and 9. Green
bounding boxes indicate detected face areas; overlay labels have matching identity and cosine similarity rating. Figure
8 identifies six students at once, the range of scores being between 0.38 (Hemchand who is partly out of camera view)
and 0.80 (Guru Kishore who is almost facing the camera at a medium distance). Figure 9 shows that there are 5
students in a close-range frame scoring between 0.41 and 0.71.

%1 InsightFace Recognition (MongoD8)

Fig.8. Live Recognition — 5 Students with Bounding Boxes and Cosine Scores
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| InsightFace Recognition (MongoDB)

Fig.9. = Live Recognition — 6 Students, Varied Poses and Distances

The findings prove that the system works with real group set-ups that contain different poses, corrective lenses and
diverse distance settings of the camera. The individual scoring 0.38 same but slightly above the threshold can explain
the need to tune t: an even higher threshold would have discarded this occurrence, whereas a slightly lower one would
open up the system to marginal false acceptances by other people.

TABLE 1. AttendAl Performance Summary

Metric ’ Value Notes

Peak Accuracy 96% =035

Mean Frame Time ~152 ms CPU only

Min / Max Frame 120 /178 ms | 20-frame
test

Max Simultaneous 6 faces Group frame

Blur Threshold 60 (Lap. | Auto-discard

var.)

Duplicate Guard Session set Per-
day/subj.

Timetable Lock HTTP 403 Out-of-slot

ArcFace vs. LBP +20 pp Accuracy
gain

ArcFace vs. PCA +13 pp Accuracy
gain

IX. CONCLUSION

AttendAl a full production-state automated facial recognition student attendance management system (combining
facial recognition with deep learning and Flask REST backends and MongoDB Atlas cloud storage) was presented in
this paper. The system addresses the three major vulnerabilities of the manual attendance system, time based cost, limit
on manual-transcription and vulnerability to proxy frauds by utilization of web-based teacher workflow that does not
need any additional equipment but a web camera which is already available.

On a real-world dataset of classroom data at a cosine similarity cosine threshold of T = 0.35, the InsightFace ArcFace
recognition pipeline achieves a 96% recognition accuracy, in comparison to LBP (75) and PCA Eigenface (82) baseline
scores 20 and 13 percentage points respectively. Per-frame CPU hardware processing varies between 120 ms and 178
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ms, well within the 2-second sampling period, and proves there is no need to deploy with a GPU. Practically the real
classroom group size can be scaled by recognizing up to six students at once, in a frame.

The access control is an integrity based system using time-based access in the server level, which enforces the integrity
of a schedule, prohibiting out-of-slot attendance cheating, even in the case of current timetable engineering. Within-
session pose and expression variance is empowered by the use of mean-embedding enrollment plan. A set of these
design choices will give a precise and secure system, which can be implemented with few or no special infrastructure.

X. FUTURE WORK

Devices There are several research and engineering directions, where AttendAl can be developed. Firstly, it would take
longer than 150-ms per-frame inferences to just go to under 15 ms with the addition of the ability to do inference on a
GPU (even a low-end one that’s consumer-friendly) and would permit streaming sampling rather than periodic
sampling, and larger, higher-end inferences at a no-extra latency cost. Second, the passive liveness detector component
would be added, which would prevent the attacks of photograph-based spoofing, which are the main malicious risk to
face-recognition attendance systems. Third, with dynamically determined percentages of attendance we would obtain
by replacing the constant fixed TOTAL CLASSES with the size of classes calculated on a given subject basis by the
Timetable collection. Fourth, a mobile application that presents real-time records of attendance to students will enhance
transparency and assist students to rectify problematic trends of attendance in time. Fifth, testing on full cohort groups
of 60 or more students who represent out of gallery should be performed, so as to achieve statistically rigorous open-set
recognition results, to have formal deployment certification requirements.
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