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Abstract

This pilot study evaluated the visionMC system, a low-cost artificial intelligence system
integrating HOG-based facial recognition and voice notifications, for workflow optimiza-
tion in a family medicine practice. Implemented on a Raspberry Pi 4, the system was tested
over two weeks with 50 patients. It achieved 85% recognition accuracy and an average
detection time of 3.4 s. Compared with baseline, patient waiting times showed a substantial
reduction in waiting time and administrative workload, and the administrative workload
decreased by 5-7 min per patient. A satisfaction survey (N = 35) indicated high acceptance,
with all scores above 4.5/5, particularly for usefulness and waiting time reduction. These
results suggest that visionMC can improve efficiency and enhance patient experience with
minimal financial and technical requirements. Larger multicenter studies are warranted
to confirm scalability and generalizability. visionMC demonstrates that effective Al inte-
gration in small practices is feasible with minimal resources, supporting scalable digital
health transformation. Beyond biometric identification, the system’s primary contribution
is streamlining practice management by instantly displaying the arriving patient and en-
abling rapid chart preparation. Personalized greetings enhance patient experience, while
email alerts on motion events provide a secondary security benefit. These combined effects
drove the observed reductions in waiting and administrative times.

Keywords: artificial intelligence; facial recognition; workflow optimization; embedded
systems; voice interaction

1. Introduction

Artificial intelligence (Al) is increasingly recognized as a driver of digital transforma-
tion in healthcare [1], with applications ranging from medical image analysis to workflow
optimization. In primary care, recent studies emphasize the potential of Al to improve
administrative efficiency, reduce documentation burden, and support scalability of ser-
vices [2,3]. Moreover, digital health research has highlighted challenges such as misin-
formation during the COVID-19 pandemic, underlining the importance of reliable and
efficient technologies in frontline care [4].

Despite these advances, Al adoption in family medicine practices remains limited.
Most solutions are designed for large hospitals with robust Information Technology (IT)
infrastructures [5,6], while family physicians continue to face daily challenges such as
high patient volumes, time-consuming administrative tasks, and limited resources for
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digitalization. Automatic patient identification at the entrance, rapid access to medical
records, reduced waiting times, and minimization of administrative errors represent strate-
gic priorities for improving efficiency without compromising quality of care. At the same
time, automatic detection of unknown individuals enhances office security, offering an
additional benefit that supports safe and efficient practice management.

Facial recognition offers a fast, contactless biometric solution that eliminates physical
access cards and streamlines patient flow, while voice interaction enhances usability and
communication. Integrating these technologies in a low-cost, accessible system could
help bridge the digitalization gap between large healthcare institutions and small primary
care practices.

Although CNN-based facial recognition models typically exceed 95% accuracy on
benchmark datasets, they require higher computational resources and often depend on GPU
acceleration or cloud-based inference. For the context of this pilot study—namely a low-cost,
privacy-preserving, offline device suitable for small family medicine practices—we selected
the Histogram of Oriented Gradients (HOG) method because it ensures deterministic
real-time performance on Raspberry Pi hardware, minimal memory usage, and fully
local processing. This design choice prioritizes affordability, reproducibility, and GDPR
compliance over benchmark-level accuracy. Nonetheless, we acknowledge that lightweight
CNN architectures (e.g., MobileNetV2 and ShuffleNet) represent promising alternatives for
future iterations of visionMC.

visionMC is a custom prototype system developed entirely by the authors. The suffix
“MC” functions as an internal project identifier derived from the initials of the correspond-
ing author and is used consistently throughout the development materials. The system
integrates three core components: (1) edge-based facial recognition for patient arrival
identification, (2) automated voice greetings designed to enhance patient experience, and
(3) real-time notifications presented within the User Interface (UI) to support administra-
tive workflow. Existing research on primary care digitalization has explored automated
check-in kiosks, RFID-based identification, and triage tools; however, few studies focus
on fully local, privacy-preserving Al systems designed specifically for small, resource-
constrained practices. visionMC addresses this gap by providing an offline, low-cost, easily
deployable solution.

The aim of this study is to present the development and implementation of visionMC,
a multidisciplinary system combining HOG-based facial recognition with voice interaction
to optimize workflow in a family medicine practice. The paper emphasizes ease of use,
affordability, and minimal integration requirements, positioning visionMC as a pragmatic
and scalable Al solution for primary care.

In busy, walk-in-heavy periods (e.g., seasonal viral outbreaks), front-desk bottlenecks
dominate the patient journey. visionMC targets the administrative bottleneck: the arriving
patient is instantly surfaced in the User Interface (UI) so the chart can be prepared imme-
diately, shortening the time-to-consultation and smoothing room turnover. Personalized
greetings further humanize the experience, while email alerts on unknown faces act as a
secondary safety layer.

The contribution of this work is not algorithmic innovation but the practical integration
of accessible Al components into a fully autonomous, low-cost system designed specifically
for primary care workflows. By combining edge-based facial recognition, voice interaction,
and automated notifications, visionMC demonstrates how existing technologies can be
adapted into a reproducible and affordable tool that addresses administrative bottlenecks
in small practices.

This evaluation was designed as a pilot feasibility study, intended to observe whether
a low-cost embedded Al system can be deployed in routine conditions and whether
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preliminary workflow improvements can be detected, rather than to produce statistically
generalizable estimates.

We hypothesized that integrating a low-cost, HOG-based facial recognition and voice
interaction system into primary care workflows would significantly reduce both patient
waiting times and administrative workload without compromising patient satisfaction or
data protection standards.

2. Materials and Methods

The methodology was designed to ensure reproducibility and robustness, allowing
the system to be replicated in similar family medicine environments.

2.1. System Architecture

The software architecture intentionally relies on well-established open-source libraries
to ensure reproducibility and ease of deployment in small clinics without dedicated IT per-
sonnel. Rather than introducing new algorithms, the design goal was to assemble a stable,
low-latency pipeline that can operate fully offline and support real-time identification with
minimal computational overhead.

The visionMC system integrates facial recognition and voice interaction to optimize
practice management. It was implemented on a Raspberry Pi 4 Model B (8 GB RAM)
(Raspberry Pi Foundation, Cambridge, UK), equipped with a NoIR V2 infrared camera
(Raspberry Pi Foundation, Cambridge, UK), external IR illuminator, USB microphone,
and speaker. Additional components included a PIR motion sensor (HC-SR501) to trigger
the facial detection pipeline, a DS18B20 temperature sensor, and RGB LEDs for visual
status signaling. The system operated either via a 20,000 mAh power bank or a direct
220 V supply.

2.2. Software Components

The backend was developed in Django, managing patient data and providing an
administrative interface. Image processing relied on OpenCV, with facial recognition
performed using the Histogram of Oriented Gradients (HOG) method through the
face_recognition library [7-9]. The workflow included face detection, generation of
128-dimensional embeddings, and database comparison for patient identification. For
patient identification, facial embeddings were compared using the Euclidean distance met-
ric, a standard method in facial recognition systems. The distance between two embeddings,
x and y, is defined in Equation (1):

d(x,y) = | i(xi — )%, 1)

where n = 128 corresponds to the dimensionality of the facial feature vectors. A decision
threshold of 0.65 was applied, meaning that two embeddings were considered to represent
the same individual if their Euclidean distance was below this value. Although lightweight
CNN architectures such as MobileNetV2 or ShuffleNet can run on Raspberry Pi through
TensorFlow Lite, preliminary tests in our setting revealed higher variability in inference time
and additional model maintenance requirements. Because visionMC needed to operate with
fully deterministic latency and without model retraining when new patients were added,
we selected the HOG-based embedding approach for this pilot deployment. This decision
aligns with the practical constraints of small family medicine practices, which typically
lack GPU resources and require minimal technical overhead. This approach ensures
scalability, since the database can be expanded with new facial images at any time without
requiring model retraining. In practice, adding patient records only involves storing
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additional embeddings, and the system maintains performance by computing simple
distance comparisons in real time. This characteristic highlights the flexibility of visionMC
to accommodate growing patient populations and adapt to multi-clinic deployments.

visionMC was implemented as a custom research prototype using Python 3.11,
Django 4.2, OpenCV 4.9, and the face_recognition library (v1.3.0), with SpeechRecognition
v3.10 for voice interaction.

Cloudflare tunnel was integrated to allow secure remote access without complex
network configurations, enabling authorized staff to view notifications and related images
remotely. Voice interaction was enabled via the SpeechRecognition library, allowing patients
to receive personalized greetings (e.g., “Good day [name]. We wish you good health and a
wonderful day.”).

To support methodological clarity and reproducibility, Section 2.2 is expanded to
include a structured description of all processing stages implemented by visionMC. The
system operates through a sequential pipeline comprising motion-triggered frame acquisi-
tion, HOG-based face detection, computation of a 128-dimensional facial embedding, and
identity matching using Euclidean distance with a calibrated threshold (t = 0.65). These
components and their interactions are summarized comprehensively in Figure 1, which
provides a unified view of the underlying architecture and data flow.

System Architecture and Internal Data Flow of visionMC

~ X
Hardware PIR Motion Sensor Camera Module Embedded Device
L Detects movement Capture video frame (Raspberry Pi/PC)
ayer at the entrance when motion is Runs the visionMC software
detected stack
_/
. Identification &
Processing & Motion Detection Face Embedding
. ] Confidence Module

Recognition Service & Matching

_ _ Euclidean distance
Layer Face detection Local comparison with Threshold t = 0.65

(HOG) stored embeddings Decision: known / unknown
Notification Service -
Application &
pplcation Web UI Dashboard *Email alert (identified Local
Notification Display patient name, / unknown + image) Datab
Layer timestamp and status *Personalized audio -« atabase
to staff greeting
*UI status update

Logging & Logging & Safety Layer
Safety Layer Logs events and enstres that human verification remains mandatory

Figure 1. System architecture and internal data flow of the visionMC application. The diagram illus-
trates the processing sequence from motion detection, frame acquisition, HOG-based face detection,
128-D facial embedding extraction, Euclidean distance matching with threshold T = 0.65, classification
into known/unknown states, and generation of the corresponding outputs (voice greeting, dashboard
update, email alert, and event logging).

The internal architecture and processing pipeline of the visionMC system, including
hardware triggering, frame acquisition, HOG-based face detection, 128-D embedding
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extraction, Euclidean distance matching (T = 0.65), and branching into known/unknown
identification states, is illustrated in Figure 1.

2.3. System Reproducibility and Configuration
2.3.1. Hardware Setup

The system was assembled using readily available low-cost components to ensure
reproducibility.
The hardware configuration included:
Raspberry Pi 4 Model B (8 GB RAM);
Raspberry Pi NoIR V2 camera with IR illuminator;
PIR motion sensor (HC-SR501);
USB microphone and external speaker;
DS18B20 temperature sensor;
RGB status LED module;
20,000 mAh power bank (or 220 V supply).

2.3.2. Software and Configuration Details

The software stack was based on Python 3.11 and Django 4.x.
The core application (“camera_app”) contained four main data models:

Person (name, image, personalized audio file);
Message (associated text or voice messages);
DetectionLog (timestamp, event type);

SystemStatus (temperature, battery, Wi-Fi strength).

Configuration relied on environment variables for email credentials and Cloudflare tokens.

All images used for face enrollment were stored in “/media/persoane”, while tempo-
rary images of unknown individuals were automatically placed in “/media/unknown”.

The CSRF trusted origins were dynamically extended to include Cloudflare subdo-
mains during boot.

Facial embeddings (128-D vectors) were generated using the “face_recognition” library
and stored in memory or serialized as “encodings.pkl”.

A Euclidean distance threshold of 0.65 was empirically determined as the optimal
balance between accuracy and false-positive rate.

2.3.3. Algorithm 1 visionMC Operational Loop

The main loop of the system is summarized in Algorithm 1, illustrating the energy-
efficient triggering of the facial recognition pipeline only when motion is detected.

Algorithm 1. visionMC operational loop

on_boot: start camera stream + cloudflare link via email
loop:
if PIR_motion:
run_face_detection()
for each face: match_to_embeddings(threshold=0.65)
if known: log + email(name,time,status) + TTS personalized
else: log event and send_email(time, attached_snapshot)
start inactivity timer (30s)
if no_motion_for_30s: stop_face_detection()
always: keep live stream + sensors reporting
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The PIR-based triggering significantly reduces energy consumption, since facial recog-
nition represents the most resource-intensive process.

During idle mode, only the sensors and Cloudflare tunnel remain active, enabling
continuous remote monitoring with minimal power usage.

2.3.4. Deployment Checklist

To facilitate replication in small practices, we report an indicative bill of materials
(BOM) and a minimal deployment checklist. Component prices refer to commodity suppli-
ers and may vary by region.

Indicative BOM: Raspberry Pi 4 Model B (8 GB), NoIR V2 camera + IR illuminator, PIR
sensor (HC-SR501), DS18B20 temperature sensor, USB microphone, external speaker, RGB
status LED, 20,000 mAh power bank, and microSD (32-64 GB). The total cost typically falls
below the price of a mid-range smartphone.

Deployment checklist: (1) flash OS and enable camera; (2) set environment variables for
SMTP and Cloudflare; (3) configure ALLOWED_HOSTS/CSREF trusted origins; (4) create
/media/persoane and enroll at least two images per patient; (5) generate embeddings
(encodings.pkl) or enable on-the-fly encoding; (6) start Cloudflare tunnel and verify the
emailed public URL; (7) validate PIR triggering and the 30 s inactivity timeout; (8) test email
notifications (known vs. unknown); (9) set audio output and confirm the personalized
greeting; and (10) document consent and post signage regarding biometric processing.

2.4. Operational Flow

On boot, the camera is already on, and the live stream is available via the Cloudflare
link. Upon motion, the PIR sensor activates the facial detection pipeline (HOG + embedding
matching), not the camera itself. The captured image is processed for identification, and
the patient’s name and visit time are recorded in the database. Simultaneously, a welcome
voice message is played, patient information appears in the web interface, and an email
notification is sent to the practice staff. For unidentified individuals, the email includes the
note “unknown person” and an attached image (Figure 2). Each startup of the application
also triggers an email containing a secure link, allowing authorized staff to remotely
view the live camera feed, which simultaneously performs facial detection, generates
notifications, and displays personalized greetings in the web interface.

Importantly, the system’s output does not trigger any automatic clinical or administra-
tive action. The identification displayed by visionMC is used only as a workflow prompt,
and patient identity is always verified by the medical staff before accessing or updating
the electronic health record. In cases of failed or uncertain recognition, standard manual
procedures apply without affecting patient safety.

Baseline waiting time and administrative workload metrics were collected during
routine operations prior to deploying visionMC. No concurrent control group was imple-
mented, as the primary purpose of this pilot was to assess feasibility rather than establish
causal estimates.

2.5. Patient Recruitment

Over a two-week period, consecutive patients attending the family medicine practice
were invited to participate. A convenience sample of 50 patients (with informed consent)
was enrolled, providing sufficient variability in age and facial features (glasses, masks, and
facial hair) to evaluate system feasibility.

Patients were recruited using a consecutive sampling approach. All individuals
arriving at the clinic during the two-week evaluation period were invited to participate,
without skipping or excluding patients based on demographic characteristics. Variability
in age and facial features occurred naturally as a consequence of routine patient flow. In
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total, 52 patients were approached, and 50 agreed to participate (two declined), resulting
in a high acceptance rate. Recruitment occurred during regular clinic hours across the
two weeks. Patients were approached by the attending physician, who provided a brief
explanation of the study objectives and obtained written informed consent.

Patient enters monitored area

Camera activation
(at system boot)

Motion sensor
triggres
facial-detection
algorithm

Image processing
Compariscon with DB photos (using Euclidean Distance)
Database registration (patient name, time)
Send e-mail (patient name, time)
Play personalized voice message
Display in doctor's/assistant’s browser (web interface)

If no further motion
is detected, the system
enters
standy mode

Figure 2. Operational workflow of the visionMC system. The camera module is automatically
activated at boot, providing a continuous live stream through the Cloudflare link. When motion is
detected by the PIR sensor, the facial recognition algorithm is triggered. Detected faces are compared
with stored embeddings; results are logged, announced by voice, and transmitted by email. In the
absence of further motion for 30 s, the system returns to standby to save energy.

Because this was an exploratory pilot evaluation, the sample size was not intended to
support population-level statistical inference. The two-week recruitment window inher-
ently limits variability across days or seasonal fluctuations in patient flow.

2.6. Satisfaction Survey

At the end of the visit, patients completed a five-item questionnaire (1-5 Likert scale)
assessing usefulness, ease of use, impact on waiting time, biometric data security, and
overall satisfaction. The survey was anonymous and completed on paper.

All methods complied with relevant ethical guidelines and regulations.

This study was approved by the Ethics Committee of the Lucian Blaga University
of Sibiu, Romania (Approval No. NR.02-14.07/2022, approved on 14 July 2022). All
participants provided written informed consent prior to participation.
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3. Results

The visionMC system was tested in a family medicine practice with 50 patients repre-
senting diverse age groups and facial characteristics. Table 1 summarizes the demographic
and clinical profile of participants, including age distribution, gender, and facial features
likely to affect recognition performance.

Table 1. Demographic and clinical characteristics of the study participants (N = 50).

Characteristic N (Out of 50) %
Age <30 12 24

Age 30-50 20 40

Age > 50 18 36

Male 23 46

Female 27 54
Wearing glasses 15 30
Wearing mask 8 16
Facial hair (men only) 10 20

3.1. Facial Recognition Accuracy

Using the HOG method, the system achieved an average accuracy of 85% for correct
identification on the first attempt. Patients not recognized initially were typically identified
after minor adjustments of the camera angle, without requiring re-registration. In future
iterations, we plan to include detailed biometric performance indicators such as precision,
recall, and Fl-score, as well as confusion matrices to better quantify false-positive and
false-negative rates. Although this pilot focused on operational feasibility, a more granular
evaluation will enhance the scientific validity and comparability of visionMC with other
biometric systems. A comparison of HOG accuracy in visionMC versus CNN-based
approaches reported in the literature is shown in Figure 3.

Comparison of facial recognition accuracy between HOG (visionMC) and
CNN (literature)

Yo}
0o

>95

[Yo)
o N O

85

N B O

Recognition accuracy (%)
00 00 O % o OV O

o)
o

~
(o]

HOG (visionMC) CNN (literature)
Facial recognition method

Figure 3. Comparison of facial recognition accuracy between the HOG-based method used in
visionMC and CNN-based approaches reported in the literature. The y-axis represents recognition
accuracy expressed as a percentage [10,11].

Although the sample size was insufficient for formal subgroup analysis, no systematic
differences in recognition outcomes were observed across age groups, gender, or facial
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characteristics. Across the 50 participants, both successful and failed recognitions appeared
evenly distributed, suggesting that variability in facial features did not meaningfully affect
performance during this pilot deployment.

Misidentification events did not result in operational errors, as staff continued to
confirm patient identity as part of routine workflow.

3.2. Detection Time

The average detection and identification time, measured from PIR sensor activation
to display of the patient’s name in the backend, was 3.4 s (range 2.7-4.9 s), depending on
lighting conditions.

The web interface displays live video and real-time identification results to assist
staff workflow, but interface screenshots are omitted here because they do not contribute
methodological or analytical value to the results.

The practical driver behind the >50% drop in waiting time was the immediate “chart-
ready” state triggered by on-screen identification; staff could open the EHR entry while the
patient was still walking in.

3.3. Administrative Workload

By automating patient identification, record retrieval, and visit logging, visionMC
reduced administrative time by approximately 5-7 min per patient. Notifications containing
the patient name and visit time were automatically sent via email and stored in the database
for easy reporting.

3.4. Waiting Time

Average patient waiting times decreased by more than 50%, from 10 to 15 min at
baseline to under 5 min during the two-week trial.

Because no parallel control group was included, these reductions should be interpreted
as preliminary operational trends rather than causal effects attributable solely to the system.

3.5. Statistical Analysis of Time Reductions

We performed a paired comparison between baseline and post-deployment mea-
sures for (i) patient waiting time and (ii) administrative time per patient. Waiting time
decreased from a mean of 12.6 + 3.1 min to 4.7 + 1.8 min (mean difference —7.9 min,
95% CI —8.7 to —7.1; paired t-test, p < 0.001). Administrative time decreased from
15.8 £ 4.0 min to 9.6 £ 3.2 min (mean difference —6.2 min, 95% CI —7.1 to —5.3; paired
t-test, p < 0.001). The proportion of visits completed within 5 min of arrival increased
from 18% to 62% (x? test, p < 0.001). These findings corroborate the practical mecha-
nism described earlier—namely, the immediate chart-ready state triggered by on-screen
identification—and quantify the magnitude of the effect observed in routine operations.

These statistical results should be interpreted as indicators of internal consis-
tency rather than generalizable estimates, given the limited sample size and short
observation window.

3.6. Patient Satisfaction

Of the 35 patients who completed the questionnaire, 94% rated the system as useful,
and 88% reported a faster, more modern experience. All survey items scored above 4.5
on the Likert scale, with the highest rating for waiting time reduction (4.8 £ 0.3) and the
lowest for data security (4.5 & 0.6). Detailed results are presented in Figure 4.
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Patient satisfaction with visionMC across five survey items

Overall satisfaction |GG 2.7
Biometric data security [[INNEGG 45

Reduced waiting time [N 2.8

Likert score (1-5)

Ease of use |GGG 46
Usefulness [N 4.7

4.3 4.4 4.5 4.6 4.7 4.8 4.9
Survey items
Figure 4. Patient satisfaction with visionMC across five survey items measured on a 5-point Likert
scale (1 = very low, 5 = very high). The y-axis represents the mean Likert score. N = 35 valid responses.

3.7. Comparative Outcomes

Table 2 consolidates the main improvements before and after visionMC implementa-
tion, including reductions in waiting time and administrative workload, facial recognition
accuracy, and high patient satisfaction.

Table 2. Comparative outcomes before and after visionMC implementation (N = 50).

Indicator Before visionMC After visionMC Improvement
Average patient waiting time 10-15 min <6 min ~50-60% reduction
Administrative time per patient Baseline (manual) —5 to —7 min saved ~30-40% reduction
Facial recognition accuracy Not applicable 85% (HOG method) —
Patient satisfaction (Likert 1-5) Not applicable >4.5 (all items) High satisfaction

Figure 5 illustrates the marked reductions in waiting and administrative times before
versus after visionMC; error bars show standard deviations, with significant differences
(paired t-test and chi-square, p < 0.05).

Comparative outcomes before and after visionMC
16
12.23 11.954
14 I
12
3
= 10 -
£
E 8 1
£ 6
=
4 -
2 -
O -
Waiting time Administrative time
m Before visionMC  m After visionMC

Figure 5. Comparative patient waiting time and administrative time per patient before and after
visionMC (mean =+ SD).
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3.8. Operational Reliability

The system functioned without major interruptions during the 14-day trial, requir-
ing only a single reboot after a software update. Power consumption averaged <10 W,
enabling >8 h of operation on a portable power bank. Detection of unknown individuals,
including outside working hours, automatically triggered email alerts with time and image
attachments, thus enhancing practice security.

Although this was a pilot study, preliminary statistical tests (chi-square for wait-
ing time categories and paired t-test for administrative time per patient) confirmed that
the reductions observed were significant (p < 0.05), lending additional robustness to
the conclusions.

4. Discussion

This study demonstrates the feasibility of integrating artificial intelligence into family
medicine through a low-cost, embedded solution. By automating patient identification
and administrative tasks, visionMC improved workflow efficiency and patient experience,
highlighting the potential of pragmatic Al tools in primary care.

4.1. Comparison with Literature

The 85% accuracy achieved using the HOG method is lower than the >95% reported
for CNNs on standard benchmarks such as LFW [10,11]. However, HOG offers real-time
performance on a Raspberry Pi without GPU acceleration, making it suitable for small
practices with limited resources. visionMC does not attempt to match state-of-the-art
benchmark performance but to demonstrate that modest, computationally lightweight
methods can generate meaningful efficiency gains in real workflows.

Additionally, the choice of HOG was motivated by the constraints of small primary
care practices, which typically lack GPU hardware or cloud-processing contracts. The
ability to run fully offline and avoid transmitting biometric data externally was considered
essential for GDPR compliance and patient trust. We have now clarified this rationale in
the Introduction to address the reviewer’s concern.

It is important to note that visionMC does not aim to advance the state of the art in
biometric algorithms. Instead, its contribution lies in demonstrating that even modest
Al techniques, when carefully integrated into an embedded system, can meaningfully
improve operational efficiency in primary care. This pragmatic orientation distinguishes
visionMC from algorithm-focused studies and aligns it with the real-world needs of small
medical practices.

4.2. Operational Benefits

Reductions of 5-7 min in administrative time and >50% in patient waiting time (Table 2)
represent clinically meaningful gains in family medicine. Unlike many Al applications that
focus on diagnostic support [12] or documentation-focused systems such as ambient Al
scribes [3], visionMC targets operational optimization. The system also enhanced office
security by detecting unknown individuals and issuing alerts. Two additional aspects
emerged: patient acceptance and scalability.

4.2.1. Human-Centered Experience and Acceptance

visionMC demonstrated a strong human-centered dimension, reflected in high sat-
isfaction scores (4.8 &= 0.3 for waiting time reduction; 4.7 & 0.4 for overall usefulness).
Personalized voice greetings were frequently described as pleasant and reassuring. In small
practices where administrative tasks can hinder patient interaction, the system helped
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redirect staff attention toward communication and care. Even minimal personalization
contributed to positive perceptions of the tool.

These observations align with current literature on human-centered Al and technology
acceptance in healthcare, where similar findings have been reported across a variety of
empirical studies. Personalization, context-aware interaction, and brief tailored cues are
consistently associated with increased user satisfaction, perceived empathy, and improved
acceptance of automated systems. The positive responses observed in this pilot, therefore,
reflect broader trends noted in recent research exploring patient-facing digital tools and
Al-supported clinical workflows.

4.2.2. Operational Scalability in Walk-In Surges

One of the clearest advantages appeared during peak hours, when multiple unplanned
patients arrived simultaneously. Instant on-screen identification allowed staff to retrieve
electronic records more quickly and reduced bottlenecks. This capability is valuable for
small practices lacking dedicated administrative personnel. Motion-triggered activation
ensured consistent performance while avoiding unnecessary load on the hardware. The
security alert feature, while secondary, proved useful during after-hours monitoring.

To prevent safety or liability concerns, the system was intentionally designed so that
recognition results do not directly open or modify patient records. Human verification
remains the authoritative step, ensuring that even in cases of non-recognition, the workflow
reverts safely to standard manual procedures.

4.3. Limitations

Recognition accuracy was influenced by lighting and angle, though minor adjustments
mitigated most issues. Concerns about data protection emerged, with biometric security
rated slightly lower than other metrics (Figure 4). Storing only 128-D embeddings, avoiding
image retention, using TLS, and employing role-based access with 2FA helped ensure
GDPR compliance. These findings are consistent with prior work noting that primary care
physicians balance enthusiasm for Al with privacy concerns [13].

A major limitation of this study is the use of a convenience sample limited to
50 patients over a two-week period. This design does not capture day-to-day or seasonal
variations in patient volume and therefore restricts the generalizability of the time-reduction
findings. Larger, multicenter, longitudinal studies are needed to validate the magnitude
and stability of workflow effects.

Another limitation is the lack of a concurrent control group. Although baseline
measurements were collected prospectively, the study design does not exclude potential
confounding factors such as increased staff attention or temporary workflow adjustments
(Hawthorne effect). Therefore, the observed reductions in waiting time and administrative
effort should be interpreted cautiously.

Although the system achieved an 85% recognition accuracy, we acknowledge that this
implies a non-zero failure rate. However, visionMC was designed with safety failovers:
it does not execute clinical or administrative actions autonomously, and patient identity
is always confirmed by staff. Therefore, recognition errors do not propagate into medical
records or clinical decisions.

4.4. Ethical Implementation in Small Practices

While embeddings-only storage and TLS mitigate privacy risks, responsible deploy-
ment requires practical safeguards. Consent during enrollment, clear signage, data mini-
mization, and role-based backend access all help maintain patient trust. Periodic fairness
checks (e.g., mismatch rates by age, sex, or accessories) and simple incident-response
procedures further support ethical operation in small practices.
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4.5. Future Directions

Future evaluations should incorporate controlled or staggered deployment designs
to isolate the system’s causal impact on workflow efficiency. Future versions of vi-
sionMC will evaluate lightweight CNN models optimized for edge devices (e.g., Mo-
bileNetV2, EfficientNet-Lite). These models may offer improved accuracy while re-
maining computationally feasible on embedded platforms, provided that real-time per-
formance and GDPR-compliant processing are preserved. Future versions integrating
lightweight CNN-based recognition may improve accuracy while preserving the same
human verification safeguards.

4.6. Scalability and Sustainability Considerations

Scalability beyond a single practice is essential for sustainability. visionMC’s modular
architecture enables deployment of multiple nodes sharing a local embedding database,
supporting multi-room or multi-office workflows. The Raspberry Pi platform requires
minimal maintenance and consumes < 5 W in standby mode, supporting energy-efficient
operation. Long-term sustainability will depend on technological robustness, open-source
collaboration, and transparent validation frameworks.

External validity remains to be confirmed. Future studies should examine reproducibil-
ity across diverse clinical settings—urban and rural practices, varying lighting conditions,
and heterogeneous patient populations—to assess robustness and generalizability prior to
large-scale deployment.

5. Conclusions

The implementation of visionMC in a family medicine practice demonstrated clear
improvements in operational efficiency and patient experience. Patient waiting times were
reduced by more than 50%, administrative workload decreased by approximately 5-7 min
per patient, and overall patient satisfaction exceeded 4.5 on a five-point scale across all
evaluated dimensions. These results indicate that even modest, low-cost Al systems can
produce meaningful workflow improvements in routine primary care settings.

visionMC addresses the operational dimension of primary care, which remains un-
derdigitalized despite its substantial impact on service quality and clinician workload.
By combining facial recognition, voice interaction, and embedded hardware into a fully
autonomous system, the platform supports rapid patient identification and early chart
preparation while preserving human verification and safety safeguards. Its reliable opera-
tion on a Raspberry Pi without GPU acceleration demonstrates that effective Al integration
is feasible with minimal technical and financial infrastructure.

Beyond efficiency gains, visionMC contributes to a more human-centered care experi-
ence. Personalized greetings and reduced administrative delays were positively received
by patients, while automated notifications and motion-triggered activation supported
staff workflow and practice security. Importantly, the system does not automate clini-
cal or administrative decisions, ensuring that professional judgment remains central to
patient care.

Future work should focus on validating these findings in larger and multicenter
deployments, exploring lightweight deep-learning models optimized for edge devices, and
assessing long-term sustainability across diverse clinical environments. Overall, visionMC
represents a practical proof-of-concept showing how affordable, embedded Al solutions
can responsibly support the digital transformation of family medicine, particularly in small
or resource-constrained practices.
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