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Abstract — Symmetry analysis is important in robetic
computer-aided design (CAD) because many parts are intended
to be nearly balanced while still containing functional
asymmetries such as holes, brackets, mounting surfaces, and
cable-routing features. This paper presents a geometry-
grounded framework for explainable symmetry quantification
and asymmetry localization in robotic CAD parts. The method
samples CAD meshes into normalized point clouds, evaluates
reflection consistency along the engineering-aligned X, Y, and Z
axes, computes scale-aware asymmetry scores, extracts compact
invariant descriptors, and localizes high-deviation regions using
heatmaps and worst-region bounding boxes. A lightweight
classifier is used only as an optional axis-suggestion module; the
final interpretation remains based on deterministic geometric
validation. Experiments were conducted on seven robotic CAD
parts, an extended 53-model CAD benchmark, and a NASA
RASSOR case study. On the updated extended benchmark
evaluation, the revised D model achieved 69.2% agreement with
the one-way geometric baseline across 530 seed-controlled runs
and produced a more balanced prediction distribution across X,
Y, and Z, reducing the earlier Y-axis collapse observed in the
previous conference version. Internal validation of the optional
D classifier achieved 76.85% validation accuracy and 0.7709
macro-F1 on 540 pseudo-labelled samples. To examine
generalization under a stricter setting, an expanded ABC-
derived dataset was also constructed using 1000 CAD models
and 10000 seed-controlled samples with a CAD-model-level
split. On the unseen test split, the expanded E classifier achieved
64.87% test accuracy and 0.6493 macro-F1. The results show
that the main contribution is not standalone prediction, but a
reproducible inspection workflow that combines measurable
geometric evidence with interpretable localization for smart
engineering and robotic CAD analysis.

Keywords - CAD analysis; point cloud; symmetry
quantification; geometric validation; asymmetry localization;
smart manufacturing
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I. INTRODUCTION

Symmetry is a useful design principle in mechanical
engineering, robotics, and computer-aided design (CAD). It
reduces design complexity, supports part reuse, and can
simplify inspection. In practice, however, robotic components
are rarely perfectly symmetric [1], [2]. A part may be globally
balanced while still containing one-sided features such as
fastener holes, brackets, cable-routing paths, mounting offsets,
and clearances. These features are often intentional rather than
defective [3]. Therefore, a practical CAD inspection tool
should not only classify a model as symmetric or asymmetric;
it should measure how strongly the model agrees with a
reflected version of itself and show where the largest
deviations occur.

This paper presents a geometry-grounded framework for
explainable symmetry quantification and asymmetry
localization in robotic CAD parts. The framework converts a
CAD mesh into a normalized point cloud, evaluates reflection
consistency along the X, Y, and Z axes, computes normalized
asymmetry metrics, extracts compact invariant descriptors,
and visualizes localized deviations using heatmaps and a
worst-region bounding box. A lightweight classifier is
included only as an optional axis-suggestion module. Its
output is treated as a hypothesis, not as final evidence. The
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final interpretation is based on deterministic reflection scores
and localized deviation patterns.

The work fits the scope of intelligent engineering systems
and smart manufacturing because it links geometric theory
with a practical inspection workflow. In a digital design or
quality-control setting, the method can help engineers
compare candidate symmetry axes, quantify deviations, and
localize functional asymmetries before downstream
manufacturing or reporting. The contribution is intentionally
positioned as an explainable decision-support workflow, not
as a claim of a fully general black-box symmetry detector.
This positioning is important because CAD inspection often
needs traceable evidence. If a system only returns a label, an
engineer still has to inspect the part manually to understand
whether the deviation is caused by a true defect, a modeling
artifact, or an intended functional feature. The proposed
framework keeps the numerical score and the spatial
explanation together, which makes the result easier to audit
and discuss.

A second motivation is reproducibility. Surface sampling
is stochastic, and small CAD features can be sensitive to point
density and seed selection [4]. For that reason, the framework
records the sampling seed, sample size, scoring settings,
selected axes, asymmetry statistics, and exported artifacts. The
goal is not only to obtain one result for one uploaded model,
but to make the analysis repeatable across single-run
inspection, batch evaluation, and ablation studies.

The main contributions are: (i) a reproducible geometry-
grounded workflow for axis-aligned symmetry analysis of
CAD-derived point clouds; (ii) deterministic reflection
scoring using one-way nearest-neighbour and Chamfer-style
consistency measures; (ili) normalized asymmetry
quantification using mean, median, trimmed mean, and error
percentiles; (iv) explainable asymmetry localization using
deviation heatmaps and top-error worst-region bounding
boxes; (v) compact invariant descriptors based on PCA ratios,
radial statistics, and bounding-box ratios; (vi) an updated
evaluation showing that the revised optional classifier reduces
earlier axis-collapse behaviour, while deterministic geometric
validation remains the primary evidence source.

II. RELATED WORK

Symmetry detection has been studied in geometry
processing, computer vision, robotics, point-cloud analysis,
and CAD inspection. Classical geometric methods usually
estimate a plane or axis by measuring the consistency between
a shape and its reflected or registered form. Iterative closest-
point registration and related nearest-neighbour matching
ideas remain important foundations for comparing 3D shapes
because they provide distance-based evidence rather than only
a semantic label [2], [4]. Point-cloud toolkits and 3D
processing libraries further made such geometric workflows
practical for engineering data, including sampled CAD
meshes and scanned components [5]. These methods are
attractive in inspection settings because the result can be
connected to measurable quantities such as reflection error,
local deviation, and correspondence distance.

Learning-based point-cloud methods have also influenced
3D shape analysis. PointNet showed that neural networks can
process unordered point sets through shared pointwise features
and global aggregation [4]. ModelNet40 and related
benchmarks have supported many studies on 3D classification

and shape representation [5], [6]. The ABC dataset provides a
large-scale source of CAD models for geometric learning and
is useful for expanding CAD-oriented evaluation beyond a
small local collection [7]. Broader surveys on deep learning
for 3D point clouds show that classification, segmentation,
detection, and registration remain active research areas, but
they also emphasize challenges caused by irregular sampling,
data sparsity, noise, and domain shifts [8]. More specific
symmetry-related work includes learning-based symmetry
detection for occluded point clouds [9], [10], symmetry-plane
fitting and point-set registration [11], [12], and benchmark
tracks such as SHREC 2023 for detecting symmetries in 3D
point clouds [13], [14].

Industrial CAD inspection has different requirements from
general object classification. A predicted label is not sufficient
unless it can be linked to measurable geometric evidence.
Recent surveys on geometric deep learning for CAD and
industrial point-cloud analysis highlight the need for
interpretable and application-oriented 3D analysis tools [15],
[16]. In manufacturing and digital engineering contexts, smart
manufacturing is commonly associated with the integration of
design data, sensing, computing, simulation, and predictive
engineering [17]. Digital-twin research also emphasizes
traceable digital representations that can support design,
monitoring, and decision-making in industrial systems [18],
[19]. Although the present work does not implement a full
digital twin, it follows the same practical direction by turning
CAD geometry into repeatable measurements and visual
evidence that can support inspection-oriented decisions.

Explainability is also important. Explainable Al research
argues that users need outputs that can be understood, trusted,
and acted upon in context [20], [21]. Recent surveys
specifically address explainability for methods operating on
point-cloud data [22], [23]. In CAD symmetry inspection,
explainability does not need to rely only on abstract feature
attribution. It can be expressed directly through reflection
scores, per-point errors, heatmaps, worst-region bounding
boxes, and robust statistics. This form of explanation is useful
because an engineer can inspect whether the high-error region
corresponds to a functional feature, an unintended modeling
issue, or a sampling artifact.

The gap addressed in this paper is the need for a simple
and reproducible workflow that combines axis-aligned
engineering interpretation, deterministic reflection scoring,
normalized asymmetry measurement, invariant descriptors,
and visual localization of deviations. The proposed method is
designed for practical robotic CAD inspection rather than for
purely predictive benchmarking. In contrast to methods that
estimate arbitrary planes, the framework intentionally focuses
on X/Y/Z axes because these axes are directly meaningful in
many engineering coordinate systems and are easier to
communicate in inspection reports. This restriction is a
limitation for arbitrary orientations, but it improves clarity for
the targeted use case.

The framework also differs from a standard classification
pipeline in how results are used. In a pure classification
system, the predicted class is the final output. In this work, the
predicted axis is only one input to the analysis. The user can
compare it with the one-way geometric baseline, the Chamfer-
style baseline, and the PCA sanity check. If these outputs
disagree, the framework exposes the scores and heatmap
instead of hiding the disagreement. This design is more



suitable for engineering reporting, where uncertainty and
evidence are often more useful than a single confident label.

III. METHODOLOGY

A. Workflow Overview

Fig. 1 summarizes the proposed workflow. A CAD model
is sampled into a point cloud, normalized, optionally passed
through an axis-suggestion module, and then evaluated using
deterministic reflection scoring. The output includes
quantitative metrics, invariant descriptors, and localized visual
evidence.

CAD mesn Surface:

entes and scale] Optional axis Reflection Metrics and
STLIOE|PLY e samgling _; i - e

romalization suggestion searing invariants

Heatmap and
Warst-region box

Fig. 1. Proposed geometry-grounded CAD symmetry analysis workflow.
The optional learned module suggests a candidate axis, while final
interpretation is based on deterministic reflection scoring and localized
deviation evidence.

B. Point Sampling and Normalization

Given a mesh, N points are sampled from the surface to
form a point cloud P = {p;}}_,. The points are centered and
normalized by the maximum radial distance:

ﬁ_=pi_ﬂ
: s

N
1
) M=szi: s =max Il p; — ¢ .
i=1

This normalization reduces sensitivity to translation and
inconsistent CAD units. It also allows asymmetry scores to be
compared across models of different sizes. The normalization
does not remove shape differences; it only ensures that the
reflection-based distance is not dominated by the absolute
scale of the imported CAD file.

C. Reflection Scoring

For each candidate axis a € {X,Y, Z}, areflection operator
R,(-) mirrors the normalized point cloud across the
corresponding coordinate plane. The one-way nearest-
neighbor score is:

N
I
Se = ). min Il Ry(B) = 7 Iz
i=1

The deterministic baseline axis is selected as:

a* =arg min S,.
gae{x,y,z} a

A bidirectional Chamfer-style score is also computed:

11 N . ~ N 1 o .
Co=5( 52, min | Ra(p) — By It - min
i=1 =
[ ﬁj _Ra(ﬁi) Il2

Lower scores indicate stronger reflection consistency. The
one-way score is used as the primary baseline because it is
simple, efficient, and directly reflects how well the reflected

sample can be explained by the original point set. The
Chamfer-style score is used as a supporting check because it
considers both directions of correspondence. In the evaluated
settings, the one-way and Chamfer-style baselines often
selected the same axis, but both are retained to make the
analysis more transparent.

D. Asymmetry Quantification and Localization
For a selected axis a, the per-point reflection deviation is:

e; = m]m Il Ra(B1) — Bj 2.

The mean deviation e is normalized by the bounding-box
diagonal d:

e
Asymmetry(%) = Fie 100.

The implementation also reports the median, trimmed
mean, maximum error, and the p50 , p90 , and p95
percentiles. These additional summaries are necessary because
CAD components may contain small but important localized
features. A single mean value can hide whether the mismatch
is distributed over the whole part or concentrated around one
bracket or hole. To localize asymmetry, the top k% highest-
error points are enclosed in an axis-aligned 3D bounding box
and displayed with a deviation heatmap. The bounding box is
not intended to replace engineering judgement; it narrows
attention to the region that contributes most strongly to the
measured reflection mismatch.

E. Invariant Descriptors

A compact descriptor vector is computed using PCA
eigenvalue ratios A,/A; and A3/A;, radial mean, radial
standard deviation, radial maximum, and bounding-box ratios
Ly/Ly and L,/L,. These descriptors provide a lightweight
shape signature for reporting and comparison.

IV. SYSTEM DESIGN AND ARCHITECTURE

A. Implementation

The implementation is a local Python and Streamlit
application. It supports STL, OBJ, and PLY files, surface
sampling, seed control, optional axis suggestion, deterministic
scoring, invariant extraction, batch evaluation, ablation
settings, and exportable JSON, CSV, and PDF reports. The
updated application uses D_best valAccuracy model.pth for
optional axis suggestion when the model is available. The
application also records reproducibility metadata such as
sample size, seed, worst-region percentage, trim ratio, and
runtime. Batch evaluation is included because single CAD
examples can be misleading. By running several seeds per file,
the user can observe whether the selected axis and asymmetry
score are stable under stochastic sampling. The ablation
controls allow the user to vary sampling density and worst-
region percentage, which is useful when preparing figures and
tables for research reporting.

Table I summarizes the main outputs. The classifier output
is intentionally listed as a supporting hypothesis only, while
the geometric baseline axes and deviation metrics are treated
as inspection evidence. This separation makes the system safer
to interpret when the classifier and the geometric baseline
agree, the learned module can speed up the workflow; when



they disagree, the system still provides reflection scores and

heatmaps that explain the disagreement.

TABLE L. MAIN OUTPUTS PRODUCED BY THE FRAMEWORK
Output Meaning Inspection value
Optional Classifier-suggested Fast hypothesis, not
model axis X/Y/Z axis final evidence
One-way Lowest reflected Primary deterministic

baseline axis

nearest-neighbour
score

evidence

Chamfer-style
axis

Lowest bidirectional
reflection score

Cross-check for
scoring consistency

Mean error

. Scale-aware
Asymmetry normalized by o
. deviation
percentage bounding-box
. measurement
diagonal
Median and .
. Reduce outlier
Robust errors trimmed-mean s
.. sensitivity
deviations
Per-point reflection Visual explanation of
Heatmap . .
deviation asymmetry location

Worst-region

Top-error region

Localizes the most
relevant deviation

descriptors

box enclosed in 3D
area
PCA, radial, and Compact shape
Invariants bounding-box P P

signature

B. Datasets and Settings

Three evaluation settings were used. First, seven robotic
CAD parts from a TurtleBot3 Manipulation source were
evaluated using ten stochastic surface-sampling seeds, N =
2048, and worst-region k = 5% . This subset represents
targeted robotic parts where near-symmetry and functional
asymmetry commonly appear together. Second, an extended
collection of 53 CAD models was evaluated to study broader
behavior and axis-distribution patterns. The updated D-model
evaluation used ten seeds per model, producing 530 runs,
matching the run count of the earlier extended-benchmark
protocol. Third, a NASA RASSOR 3D asset was used as a
case study to examine the effect of sampling density. The
NASA case is not treated as a dataset-level benchmark; it is
used to visually and numerically inspect whether increasing
point density changes the overall asymmetry interpretation.

The optional classifier was first trained on 540 pseudo-
labelled samples using 432 training samples and 108
validation samples. The selected D experiment used balanced
sampling and weighted cross-entropy, no axis augmentation,
N = 2048, batch size 16, learning rate 0.001, and 50 epochs.
These results are used to describe the supporting classifier, not
to replace the geometric baseline. The pseudo-labels were
derived from reflection-based geometric scoring; therefore,
the learning task should be understood as learning to
approximate a geometric teacher signal rather than learning
from manually certified labels. This is practical for a
prototype, but it also motivates the conservative interpretation
used throughout the paper.

A fourth evaluation was added to examine the optional
classifier under a stricter and larger CAD setting. An expanded
dataset was constructed from the ABC CAD dataset by
selecting 1000 valid STL CAD models. Each model was
evaluated using ten seed-controlled surface-sampling runs at
N = 2048, producing 10000 pseudo-labeled samples. The
dataset was split at the CAD-model level rather than at the
seed level: 700 models were used for training, 150 models for
validation, and 150 models for testing. This avoids seed-level

leakage, because all ten samples from the same CAD model
remain in only one split. The expanded experiment is therefore
treated as a conservative test of the optional classifier on
unseen CAD geometry, not as a replacement for deterministic
geometric validation.

The robotic CAD parts were obtained from the TurtleBot3
Manipulation source [24], the expanded collection was
derived from the ABC CAD dataset [7], and the sampling-
density case study used the NASA RASSOR 3D asset [25].

C. Important Comparison Note

The earlier conference version reported 530 extended
benchmark runs using ten seeds per model. The updated D
evaluation reported here uses the same 53-model collection,
the same main geometric settings, and the same ten-seed
protocol, producing 530 updated runs. This makes the before—
after comparison directly matched in both model collection
and seed count. The comparison is still interpreted
conservatively because the updated classifier was trained
under a revised setting and the pseudo-labelling process is
geometry-derived rather than manually certified. However,
the key observation is clear: the earlier classifier predicted the
Y-axis in all 530 runs, while the updated D model produced
X, Y, and Z predictions across the same model collection and
seed count.

V. IMPLEMENTATION AND RESULTS

A. Robotic CAD Subset

On the seven-part robotic subset, the earlier evaluation
produced 70 runs. The optional model agreed with the one-
way geometric baseline in 61.4% of runs, and the mean
asymmetry ratio on the model-suggested axis was 2.093%
with standard deviation 0.846%. Several linkage components
showed stable agreement, while gripper palm components
showed persistent mismatch. This result supports the need for
geometric validation rather than relying only on a learned axis
suggestion.

B. Updated Extended Benchmark Comparison

Table II presents the key before—after comparison. The
earlier classifier predicted Y for every extended-benchmark
run, producing 43.0% agreement with the one-way baseline.
Under the matched ten-seed updated evaluation, the D
classifier produced a more balanced distribution across X, Y,
and Z and achieved 69.2% agreement. The mismatch count
decreased from 302 to 163 runs, and the mean asymmetry on
the model axis decreased from 1.875% to 1.186%.

TABLE II. BEFORE-AFTER COMPARISON ON THE EXTENDED CAD

BENCHMARK
Metric Earlier classifier Updated D
classifier
Runs/Models 530/53 530/53
Seeds 10 10
Agreement (%) 43.0 69.2
Mismatch runs 302 163
Mean Asym. (%) 1.875 1.186
Std Asym. (%) 1.458 0.444
X/Y/Z predictions 0/530/0 217/183/130

The updated result does not mean that the learned
component is fully reliable as a standalone symmetry detector.
It means that the revised classifier reduced the previous axis-
collapse behaviour and became more useful as a supporting
hypothesis. The final decision remains based on geometric



reflection scores and local deviation evidence. This is the main
reason the updated result is useful even though the classifier is
imperfect: the model no longer dominates the pipeline, but it
can provide a more reasonable starting point for the
deterministic analysis.

The mismatch pattern is also informative. For baseline-X
cases, 93 out of 99 runs were predicted as X, while baseline-
Y and baseline-Z cases still showed more cross-axis
confusion. This indicates that the revised model did not simply
learn to spread predictions randomly across classes. It learned
a more diverse pattern, but the Y/Z boundary remains
challenging for some CAD shapes. This observation is
consistent with the nature of mechanical components, where
several axes may appear plausible depending on whether
global shape, local functional details, or reflection distance is
emphasized.

Table III gives a more detailed view of the updated run-
level axis distribution. The baseline selected Y most often,
followed by Z and X. The updated model predicted X most
often, followed by Y and Z. The crosstab shows that most
baseline-X cases were predicted correctly, while baseline-Y
and baseline-Z still contained mismatches. This is a realistic
result and indicates improvement without overstating
generalization.

TABLE III. UPDATED D-MODEL RUN-LEVEL AXIS DISTRIBUTION
AND AGREEMENT WITH THE ONE-WAY GEOMETRIC BASELINE

One-way Predicted Predicted Predicted
baseline axis X Y Z
X 93 6 0
Y 72 150 6
z 52 27 124

Across the 530 updated runs, the one-way and Chamfer-
style geometric baselines produced the same overall mean
asymmetry of 1.148% with coefficient of variation 0.363. The
PCA axis produced a higher mean asymmetry of 2.351% with
coefficient of variation 0.726. This supports the use of
reflection-based geometric scoring over a simple PCA-axis
heuristic. PCA is still useful as a quick sanity check because it
summarizes the dominant spread of the point cloud, but it
should not be treated as a symmetry criterion. A long or
elongated part may have a strong PCA direction even when
the most consistent reflection axis is different. The reflection-
based baselines are more directly connected to the inspection
question because they compare the part with its mirrored
version.

C. Optional Classifier Validation and Expanded Dataset
Test

Table IV reports the validation results of the selected D
classifier. The model achieved 76.85% validation accuracy
and 0.7709 macro-F1 at epoch 32. The class-level results show
strong recall for X, stronger precision for Y and Z, and a more
balanced overall behaviour than the earlier collapsed model.

An additional balanced augmented experiment with a
symmetry-consistency term reached a lower best macro-F1 of
0.5924 under the tested settings. For this reason, the D model
was selected for the updated application. This outcome
suggests that more complex augmentation is not automatically
beneficial unless it is carefully matched to the labelling
strategy and CAD data distribution. The negative result is
retained as a useful ablation observation rather than removed
from the discussion.

TABLE IV. VALIDATION PERFORMANCE OF THE SELECTED

OPTIONAL D CLASSIFIER
Class Precision Recall Fl1-score Support

X 0.57 0.96 0.71 27

Y 0.89 0.69 0.78 45

Y4 0.96 0.72 0.83 36

Accuracy 0.77 0.77 0.77 108

Macro 0.80 0.79 0.77 108
average

Weighted 0.83 0.77 0.78 108
average

To further test the optional classifier under a stricter and
more diverse setting, an expanded E experiment was
conducted using 1000 ABC-derived CAD models and 10000
seed-controlled samples. Unlike the D validation setting, the
expanded experiment used a CAD-model-level split, meaning
that models in the test set were not seen during training. The
expanded dataset contained 7000 training samples from 700
CAD models, 1500 validation samples from 150 CAD models,
and 1500 test samples from 150 CAD models. The best
validation result occurred at epoch 51 with 62.20% validation
accuracy and 0.6182 validation macro-F1. On the unseen test
split, the model achieved 64.87% test accuracy and 0.6493
macro-F1.

Table V summarizes this comparison between the smaller
D validation experiment and the expanded E test experiment.

TABLE V. COMPARISON BETWEEN THE SMALLER D-
VALIDATION EXPERIMENT AND THE EXPANDED E-TEST
EXPERIMENT
Aspect D classifier E classifier

Data scale 540 samples 10000 samples / 1000

CAD models

Validation on

Unseen test set with
prepared pseudo-

Split/reporting

setting labelled data CAD-model-level split
Accuracy 76.85% 64.87%
Macro-F1 0.7709 0.6493

Table VI shows the class-level test results for the expanded
E experiment. The Fl-scores for X, Y, and Z are close to each
other, which indicates that the model did not collapse into a
single-axis prediction pattern. The result is lower than the
smaller D validation result, but it is more realistic because the
test set contains unseen CAD models rather than additional
seed samples from the same model split.

TABLE VI. TEST PERFORMANCE OF THE EXPANDED E
CLASSIFIER ON 150 UNSEEN CAD MODELS AND 1500 TEST

SAMPLES
Class Precision Recall Fl1-score Support
X 0.5990 0.6901 0.6413 526
Y 0.6761 0.6195 0.6466 502
Z 0.6889 0.6335 0.6600 472
Accuracy 0.6487 0.6487 0.6487 1500
Macro 0.6547 0.6477 0.6493 1500
average
Weighted 0.6531 0.6487 0.6490 1500
average

For the expanded E test split, the confusion counts were
363/82/81 for true X, 137/311/54 for true Y, and 106/67/299
for true Z across the predicted X/Y/Z columns. These values
show moderate cross-axis confusion, but they also show that
the model continues to predict all three axes rather than
collapsing to a single output class. This supports the central
design choice of the paper: the learning module can provide a



useful starting hypothesis, but deterministic geometric
validation and localized deviation evidence remain the final
basis for interpretation.

Fig. 2 shows selected training diagnostics for the updated
D classifier.
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Fig. 2. Selected training diagnostics for the updated D classifier: validation
macro-F1 (left) and training/validation loss (right). The curves show
improvement during training, but the classifier is still used only as a
supporting axis suggestion.

D. Explainable Localization

Fig. 3 shows a representative mismatch case where the
optional model and geometric baseline selected different axes.
The heatmap and bounding box make the disagreement
inspectable rather than hidden. This is important because a
wrong axis suggestion should not end the analysis; it should
trigger a comparison with deterministic geometric evidence.
In this type of case, the visual output helps distinguish a
model-bias problem from a genuine geometric ambiguity. If
the high-error region is concentrated around a small functional
feature, the engineer may decide that the global part remains
acceptable. If the error is widespread, the part may require
closer review.

Fig. 3. Representative mismatch case from the earlier evaluation. The
heatmap highlights local reflection deviations, while the bounding box
encloses the top-error region.

E. NASA RASSOR Sampling-Density Case Study

The NASA RASSOR case study was used to examine
sampling-density behaviour. Increasing the number of
sampled points from 2048 to 4096 produced smoother spatial
error patterns while preserving the same broad interpretation.
Table VII and Fig. 4 summarize the result. The numerical
changes are modest rather than dramatic: the mean, median,
and trimmed-mean asymmetry values decrease slightly at the
higher sampling density. This suggests that increasing the
sampling density improves visual smoothness and local
coverage, but it does not fundamentally change the
interpretation of where asymmetry is concentrated.

TABLE VIIL NASA RASSOR ROBUST ASYMMETRY
SUMMARIES AT WORST-REGION K = 5%

N Mean Median M’i;ﬁrn;ei] Runtime
Asym. (%) | Asym. (%) %) ym. (s)
2048 5.7383 3.8816 5.0709 8.9328
4096 5.4072 3.5004 4.6660 8.6479

Fig. 4. NASA RASSOR deviation heatmaps for N = 2048 (left) and N =
4096 (right). Higher sampling density produces a smoother heatmap while
preserving the overall asymmetry pattern.

F. Discussion

The results support four observations. First, deterministic
reflection scoring is a more reliable basis for inspection than a
classifier alone. The optional classifier improved from the
earlier collapsed behaviour, but it still disagrees with the
geometric baseline in some cases. This is expected because
pseudo-labelled CAD symmetry is ambiguous for parts with
localized functional features. A bracket or mounting hole may
be important for function but may also shift the apparent best
axis. Second, localized heatmaps and worst-region boxes
make the analysis explainable. Instead of reporting only an
agreement score or a predicted axis, the framework shows
where reflection mismatch occurs. This makes the result more
useful in an engineering setting because the user can decide
whether the localized deviation is acceptable, expected, or
suspicious. Third, robust error summaries such as median,
trimmed mean, and percentiles are useful because CAD parts
may contain small, localized features that strongly affect
maximum error. Fourth, the expanded E experiment shows
that classifier performance decreases under a stricter CAD-
model-level test split, but remains balanced across X, Y, and
Z. This is a useful result because it gives a more conservative
estimate of generalization than the smaller validation-only
experiment.

The updated extended benchmark result clarifies the role
of the classifier. The earlier version showed a severe Y-axis
collapse. The updated D model produced X, Y, and Z
predictions across the same 53-model collection and improved
agreement with the one-way baseline. The expanded E
experiment further shows that, when evaluated on unseen
CAD models from a larger 1000-model dataset, the classifier
achieves moderate test performance without collapsing to one
axis. However, both results support the same conclusion: the
learning component is useful as a starting hypothesis, but not
reliable enough to replace deterministic geometric validation.
The strongest part of the framework is therefore the integration
of the learned suggestion with reflection scoring, robust
asymmetry statistics, and spatial explanation.

The before—after comparison is encouraging but
intentionally interpreted conservatively. The updated D model



improved agreement and prediction diversity on the same 53-
model collection using the same ten-seed run count as the
earlier extended evaluation. This strengthens the comparison
because the change is no longer explained by using fewer
stochastic runs. At the same time, the expanded E experiment
shows why a larger unseen-model split is necessary:
performance is lower under a stricter test condition, which is
expected when the model must generalize to CAD geometries
do not present in training. The better-supported conclusion is
that the optional classifier improved and is no longer
collapsed, while the reliability of the full framework still
comes from deterministic geometric validation and localized
evidence.

G. Practical Implications

The proposed workflow can support smart engineering and
robotic CAD inspection in several practical ways. First, it
produces scale-aware asymmetry measurements that can be
compared across parts and across repeated runs. This is useful
during early design review because the user can decide
whether a part is globally near symmetric or whether a
localized feature produces a measurable deviation. Second, the
heatmap and worst-region bounding box provide visual
evidence that helps engineers interpret whether deviations
correspond to expected functional features. For example, a
mounting hole, bracket, or cable-routing structure may
increase local error without indicating a defective part. Third,
the exported JSON, CSV, and PDF outputs make the analysis
easier to document, repeat, and discuss with supervisors or
design reviewers.

The framework is not intended to replace professional
CAD inspection or manufacturing quality-control systems. Its
practical value is more limited and specific: it provides a
lightweight decision-support layer for symmetry-oriented
review of robotic mechanical parts. In a design workflow, an
engineer can upload a CAD model, inspect candidate axes,
compare one-way and Chamfer-style reflection scores, view
the most concentrated deviation region, and export a short
report. This reduces manual effort, but it still leaves the final
engineering judgement to the user. Such a conservative role is
appropriate because some asymmetry is intentional and should
not automatically be treated as an error.

The method also aligns with data-driven smart
manufacturing in a modest but useful way. It converts CAD
geometry into structured inspection data: selected axes,
asymmetry percentages, robust error summaries, invariant
descriptors, runtime, and seed-controlled metadata. These
outputs can later be aggregated across part families, design
iterations, or inspection batches. In that sense, the framework
can serve as a bridge between individual CAD analysis and
larger digital engineering records. The current prototype is not
a complete industrial platform, but its output structure
supports future integration with design repositories,
manufacturing dashboards, or digital-twin workflows.

A further implication is transparency. Because the optional
classifier is not treated as final evidence, the system remains
interpretable even when the classifier is wrong. A mismatch
between the model-suggested axis and the geometric baseline
becomes a useful diagnostic signal rather than a hidden failure.
This is especially important for student research, small
engineering teams, and early prototypes, where the available
training data may be limited. By preserving deterministic
scores and visual localization, the workflow remains useful

even before the learning
generalization performance.

H. Threats to Validity

Internal validity. Nearest-neighbour deviation depends on
sampling density and random surface sampling. Multi-seed
evaluation reduces this risk, but it does not eliminate it. Thin
structures and sharp edges may still cause correspondence
sensitivity. Another internal threat is implementation
dependence: different mesh sampling libraries or different
nearest-neighbour settings could slightly change the reported
numbers. The framework addresses this by exporting seeds,
sample sizes, and run-level CSV files, but exact reproduction
still requires using the same software settings.

component reaches high

External validity. The robotic subset contains seven parts
and the main extended benchmark contains 53 CAD models.
The expanded ABC-derived experiment improves the
evidence base by adding 1000 CAD models and a CAD-
model-level test split, but it still does not prove universal
generalization across all mechanical CAD families. The ABC-
derived models increase shape diversity, yet future validation
should include different robot families, manufacturing
components, scanned parts, manually reviewed labels, and
CAD models with deliberately rotated symmetry planes.

Construct validity. The asymmetry percentage is
normalized by the bounding-box diagonal. This enables
comparison across differently scaled models, but elongated
shapes may reduce the reported percentage even when local
deviations are meaningful. For this reason, the framework
reports both global percentages and localized heatmap
evidence.

Learning-component validity. The optional classifier was
trained using pseudo-labels rather than manually verified
symmetry labels. Pseudo-labels are practical for scaling the
dataset, but they may contain ambiguity because CAD parts
can have more than one plausible engineering axis depending
on whether the analysis prioritizes global shape, local
functional features, or reflected nearest-neighbour distance.
The expanded E experiment reduces the risk of seed-level
leakage by using a CAD-model-level split, but it does not
remove the limitation that the labels are geometry-derived
rather than manually certified. Therefore, classifier
performance should be interpreted as the ability to
approximate the selected geometric baseline, not as proof of
human-level symmetry understanding. This is why the
classifier remains an optional axis-suggestion module while
deterministic reflection scoring remains the main inspection
evidence.

VI. CONCLUSION

This paper presented a geometry-grounded framework for
explainable symmetry quantification and asymmetry
localization in robotic CAD parts. The framework combines
normalized point-cloud sampling, deterministic reflection
scoring, robust asymmetry metrics, invariant descriptors, and
localized heatmap visualization. The updated D classifier
improved internal validation performance and reduced earlier
axis-collapse behaviour on the extended benchmark
evaluation, but it remains a supporting component rather than
the final decision source. The expanded ABC-derived
experiment further strengthened this interpretation by using
1000 CAD models, 10000 seed-controlled samples, and a
CAD-model-level train/validation/test split. Its 64.87% test



accuracy and 0.6493 macro-F1 indicate moderate but balanced
generalization on unseen CAD models, which is lower than
the smaller D validation result but more conservative and
realistic. The main contribution is therefore an interpretable
and reproducible inspection workflow that makes symmetry
measurable and localizes functional asymmetry in CAD
models. This makes the framework useful for smart
engineering contexts where users need both numerical
evidence and a visual explanation before making a design or
inspection decision.

Data and code availability information is omitted from the
anonymous manuscript during double-blind review and will
be supplied after acceptance according to the journal policy.
The author declares no conflict of interest.

VII. FUTURE WORK

The current framework is limited to axis-aligned X/Y/Z
reflection symmetry. Parts with arbitrary symmetry planes
require future extension. The method also relies on nearest-
neighbour matching rather than full registration, which may be
sensitive to sampling and local geometry. The optional
classifier improved under the updated D setting and was also
tested on a larger ABC-derived dataset with a CAD-model-
level split, but broader validation with manually reviewed
labels, more balanced engineering categories, external CAD
sources, and scanned physical parts is still needed. Future
work should extend the method to continuous symmetry-plane
estimation, stronger pseudo-label filtering, richer point-cloud
architectures, and integration with CAD or manufacturing
quality-control systems.
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Abstract— In this project, the design and complete
implementation of a smart glove system based on artificial
intelligence (AI) and adaptive behavioral monitoring for
supporting people with physical disabilities is presented. It fills
in critical gaps in the field of assistive technologies, especially in
the Middle East and North Africa (MENA) region, where
affordable, multi-user, and culturally relevant solutions are
lacking. The prototype developed consists of four flex sensors,
an ADS1115 16-bit ADC (I12C, 0x48), an MPU-6050 inertial
measurement unit (I2C, 0x68), and a MAX30102 pulse oximeter
and heart rate sensor (I12C, 0x57) mounted on a Raspberry Pi
Zero 2W. The Pi receives raw data from the sensors and sends
it over http post to a locally installed PHP/MySQL-based
backend server which is also running a copy of WAMP. The
split architecture is edge computing with all intelligence residing
on the server, including adaptive gesture detection, health
anomaly detection, baseline computation and bilingual email
alerting. One of the important innovations of MediGlove is its
completely adaptive threshold system. The system automatically
learns the resting hand pose of each patient's hand by taking the
first ten readings and uses those to calculate the per-finger
thresholds for bent and straight poses (bent = avg_resting + 8
degrees, straight = avg resting + 4 degrees). The health
baselines start with medically accurate clinical defaults (AHA,
Cleveland Clinic) per decade age/gender, then use rolling
average and 2-sigma outlier removal. All thresholds are
adjusted in relation to 3 care modes (Normal, Active, Sleep). The
switchability of multi-patient operation, the adaptive health
monitoring of shifting HR ranges (63-103 BPM to 56-96 BPM),
the automatic availability of bilingual email alerts, and the
gesture recognition in all four fingers were all confirmed
through live testing on two patients with different profiles.

Keywords— Smart glove, Assistive technology, Artificial
intelligence, Adaptive monitoring, Gesture recognition, Health
monitoring, Edge computing, Physical disabilities, Wearable
sensors.
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I. INTRODUCTION

The population of individuals with disabilities is growing
every day and with it there is a rising demand for inclusive
technologies. This has created an urgent need for assistive
solutions to these problems. According to the World Health
Organization (2023), over 1.3 billion people experience
disabilities [1] that hinder their lives, creating a demand for
solutions to overcome these challenges and perform daily
tasks.

With current solutions that are available to these problems
include the neo effect smart glove which offers rehabilitation
using sensors and virtual reality [2], [3], and rehabilitation
which provides motorized therapy for stroke recovery [2],
[3], [4]. (as seen in figure 1-2, 1-3 below) Research shows
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that gesture recognition using flex sensors and machine

learning is feasible [5], [6], [7]

Current solutions that are available to these problems
include the neo effect smart glove which offers rehabilitation
using sensors and virtual reality [2], [3], and rehabilitation
which provides motorized therapy for stroke recovery [2],
[3], [4]). Research shows that gesture recognition using flex
sensors and machine learning is feasible [5], [6], [7].

From these examples, common shortcomings can be

identified:

1. High cost of device and therapy-grade hardware.

2. Focus on single users or one specific impairment type and
makes it single usage (e.g., stroke rehab).

3. Lack of behavioural logging and caregiver dashboard for
continuous home monitoring.

4. Reliance on cloud/internet or external apps, increasing
cost and reducing privacy.
Limited multi-user capability (different users needing
separate devices or complex recalibration).

For this current project their organizations for disabled which

include:

1. Oman Association for the Disabled: This non-profit
organization, with its main branch in Al Azaiba, Muscat,
and numerous branches across the country, provides
support, education, recreational activities, and equipment
(like wheelchairs) to people with disabilities.

2. Al Wafa Centres for the Rehabilitation of People with
Disabilities: Operated under the Ministry of Social
Development (MoSD), these centres (also known as Al
Wafa Social Centres) offer various services, including
educational, cultural, and mental healthcare, and
vocational training. They have workshops in various
specializations like paper recycling, food processing, and
handicrafts to enable economic empowerment and
integration into the labour market.

II. RELATED WORK

A. Flex Sensor-Based Hand Gesture Recognition Using
Machine Learning

The research conducted by the authors represented a
cornerstone study in sensor-based gesture recognition,
providing essential validation for the core technological
approach adopted in the current project. The work they did
on hand gesture recognition with flex sensors and machine
learning algorithms sets an important benchmark in terms of
the accuracy achieved, with results claiming >85% accuracy
for static hand gesture classification. The quantitative
validation is of special interest because it shows that flex
sensors, which are inexpensive sensors whose electrical
resistance is proportional to the bending curvature, can
produce discriminative enough patterns of data for reliable
classification if processed through appropriate machine
learning pipelines. The study's methodology, which
presumably is analogue to digital conversion of the sensor
signals, feature extraction from the time-series data, and
systematic training of models on a curated set of data,
provides a foundation of ideas that must be considered in any
real-world application. The context for the abstract, however,
seems to indicate that the research was more about the

validation of the sensor-ML combination, and much of it still
appears to have been at the laboratory level. There is a huge
gap in transition between the laboratory environment where
the proof of concept is performed (i.e., sensors are fixed in
place, no interference of the environment, participants
cooperate with the experiment) and the environment in which
assistive devices function in a reliable manner (i.e., the
environment is variable, there is no cooperation from the
participants). Moreover, there is no reference to multi-user
adaptability or to any type of personalization system, which
indicates that the system was designed as a single,
generalized model rather than a dynamic adaptive system that
can respond to hand anatomy and/or movement patterns, or
disability-specific constraints. The current project builds on
the validated technical approach and significantly extends it
by introducing a multi-user calibration approach,
incorporating motion context from complementary inertial
measurement units, and creating a comprehensive system
architecture—and its web-based configuration interfaces and
caregiver notification mechanisms—that are not addressed
by the authors.

B. Obstacles for Using Assistive Technology in Centers of
Special Needs in the UAE .

The survey study conducted by the authors was
indispensable in providing a context for their study of the
challenges associated with the use of assistive technologies
in the United Arab Emirates (UAE) [8], [9]. Their research
approach was a systematic process of data collection from
stakeholders in assistive technology ecosystems, which
revealed the following major barriers to AT: cost, cultural and
linguistic adaptation, and user training and device
maintenance. The results of this study are important because
they shed light on a fact that is not always taken into account
when developing technologies: the most advanced assistive
technologies are not very effective if they are not accessible
because of economic, cultural, or logistical constraints. The
barriers they report are cost-related and have direct and
significant impact on the design process, with many assistive
products in the region not being affordable to many potential
users, especially in the absence of insurance and government
support systems. It is an economic fact that a component
design philosophy focused on cost is essential, that
incremental capability growth is achieved through modular
design and that manufacturing methods that reduce
production costs are mandatory. In addition to the economic
considerations, the identification of cultural and linguistic
adaptation gaps highlights the need to create assistive
technologies that are relevant to the local context of users as
opposed to those that are imported from the west. Assistive
devices should also be designed to support regional
languages, especially the interface in Arabic, take into
account local social norms on disability and taking care of it,
and fit the regional realities of technology, including different
internet connections. In addition, the operational difficulties
they describe, especially in the area of user training and
maintenance, have implications for how complex the system
can be, how long the learning curve, and what kind of user
interface to design, meaning that the more complex the
system the higher the learning curve, and therefore the less
successful in adoption the system will be, even if it is
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technically possible. Although the authors work is good at the
diagnosis of the systemic barriers, they do not show
progression to solution prototyping and implementation in
their abstract, which is a typical missing step in social science
research that can be handled by technical projects. The
project then takes a practical tack at the identified challenges
and proposes specific engineering solutions, such as using
widely available commodity parts, designing for off-line
operation and using a culturally appropriate gesture mapping
and bilingual interface where suitable.

C. Hand Gesture Recognition Using Artificial Intelligence
and IMU-Based Wearable Device

The researchers developed a multi-modal smart glove
which is designed to address the comprehensive needs of
paralyzed patients. Their research methodology takes a more
general approach which uses both sensing modalities:
physiological monitoring via DHTI1 (temperature),
MAX30100 (oximetry/pulse), and an ECG sensor; gesture-
based communication using an MPU6050 accelerometer; and
emotional state detection via a camera module processed with
OpenCV. Data taken in using a raspberry pi which transmits
it to a cloud and allows it to be displayed on a dedicated web
dashboard. [10], [11] This study provides proof of concept
for the combination of remote health telemetry and
alternative communication channels with a single wearable
platform. The study takes isolation and continues monitoring
main challenges that were faced by the vulnerable population.
The research has a problem of being stuck in a position of
clinical ambition and practical wearability This highlights a
critical gap between engineering comprehensiveness and
user-centric design. Furthermore, the system’s complexity
inherently leads to high cost, directly exacerbating the
economic accessibility barriers and there is another
inconsistency being in the gesture recognition system which
might not be generalizable in a wide spectrum of different
paralysis , finally the research shows a notable gap in lacking
clinical trials or longitudinal user studies to assess impact on
the patients and system reliability outside the lab.

D. Smart Glove with Gesture-Based Communication and
Monitoring Paralyzed Patient

The researchers developed a multi-modal smart glove
which is designed to address the comprehensive needs of
paralyzed patients. Their research methodology takes a more
general approach which uses both sensing modalities:
physiological monitoring via DHTI1 (temperature),
MAX30100 (oximetry/pulse), and an ECG sensor; gesture-
based communication using an MPU6050 accelerometer; and
emotional state detection via a camera module processed with
OpenCV. Data taken in using a raspberry pi which transmits
it to a cloud and allows it to be displayed on a dedicated web
dashboard. [10], [11] This study provides proof of concept for
the combination of remote health telemetry and alternative
communication channels with a single wearable platform. The
study takes isolation and continues monitoring main
challenges that were faced by the vulnerable population. The
research has a problem of being stuck in a position of clinical
ambition and practical wearability This highlights a critical
gap between engineering comprehensiveness and user-centric
design. Furthermore, the system’s complexity inherently leads
to high cost, directly exacerbating the economic accessibility

barriers and there is another inconsistency being in the gesture
recognition system which might not be generalizable in a wide
spectrum of different paralysis , finally the research shows a
notable gap in lacking clinical trials or longitudinal user
studies to assess impact on the patients and system reliability
outside the lab.

E. Enhanced Health Monitoring Using loT-Embedded
Smart Glove and Machine Learning

The researchers implemented IOT architecture for remote
health monitoring [12], [13] this is done through development
of a E-health smart glove it followed the establishment of a
embedded system pipeline with sensing vital signs
(temperature, pressure and heartrate) with a integrated
systems on a radio uno microcontroller with classification of
data in a MATLAB environment using K-nearest neighbor
(KNN) algorithm [14], this study shows an educational model
for IOT in healthcare. The main inconsistency of this research
is that it depends on MATLAB which runs on an external
computer for its core machine learning classification which
the main goal of a wearable embedded IoT device since it
makes the user have to be near their desktop This design
choice shows the project's framing. In addition, the noted
75.82% average classification efficiency does not give us
confidence for health applications and shows the limitations
in the sensor data quality, and the appropriateness of the basic
KNN model applied to such a temporal multi-parametric
dataset. This research also shows a main contradiction by
emphasizing the personalization of health monitoring
however the model was trained on a generic classification
model and a limited data set. Suggested improvements for this
study mainly lie in moving the machine learning model
directly into the microcontroller and the classification engine
should be upgraded to be able to handle time-series data and
incorporation of a simpler user interface and allowing the
manual triggering of measurements.

TABLE I. SUMMARY OF PAPERS REVIEWED ON”’ Al BASED ADAPTIVE
BEHAVIORAL MONITORING FOR HANDICAP PERSONS USING SMART

GLOVE.”
Title / Auth t
itle / Author / Core Idea Key Gap Suggested
Year Improvement
Uses flex
sensors with Laboratory
machine .
. setting  only, | Extend to
learning . .
. single-user multi-user
Hand gesture | algorithms
LS focus, no | system,
recognition (Random . . . .
using flex | Forest, SVM) integration integrate  with
. with other | IMU and health
sensor and | for static hand
. sensors (IMU, | sensors, apply
machine gesture
. . . health), no | to real-world
learning classification .
. . real-world assistive
algorithms. [5] | in  controlled s Lo
. communication | communication
environments. application
Analysis shows PP
. addressed.
high accuracy
rates (85%).
Survey-based Identifies
| T Do
Obstacles  for ulying provi cost, culturally
. . barriers to | technical .
using assistive o . relevant device
. assistive solutions. . .
technology in with simple
technology Focuses on o
centers of . . . calibration
. adoption: high | adoption .
special - needs cost, lack of | barriers rather suitable for
in the UAE. [8] ’ . Omani/GCC
cultural than device
. care contexts.
relevance, design
limited training | improvements.
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in MENA
region.
Uses IMU | No vehicle | Add GPS
(accelerometer, | control, tracking, access
gyroscope) location Relies | control,  and
with 1-D CNN | only on IMU, | Implement
for gesture | missing finger | hybrid sensing
. recognition. flexion details. | (IMU + flex
lég;tc:l::t Hand Analysis shows | Focuses on | sensors), add
Recognition 97.88% algorithmic multi-user
g accuracy with | efficiency adaptive layer,
optimized rather than | focus on
model for | multi-user gesture-to-
wearable adaptability or | message
devices. [15], | communication | communication
[16], [17] applications.
Multi-sensor
glove L
Overly Simplify to
Smart  Glove E)t:imniet;a;ture, complex with | core  sensors
with  Gesture ’ many sensors, | (flex, IMU,
ECG, camera,
Based cloud- heart rate),
I MPU6050) for .
Communicatio dependent, prioritize
paralyzed . .
n and atients designed only | offline
Monitoring of p ) for paralyzed | capability,
Cloud-based . .
Paralyzed o patients in | broaden user
. monitoring and .
Patient. [10] gesture clinical base  beyond
communication | SETNES: paralysis.
IoT-based
smart  glove | Focuses on
Enhanced with multiple | health Adopt
Health Sensors for | monitoring communication
Monitorin health rather than | -first approach,
Usin gIoT- monitoring. communication | use local
Embg dded Uses K-NN |, requires | processing
Smart  Glove classifier ~ in | continuous instead of
and Machine MATLAB for | internet, cloud, maintain
Learning. [12] health complex offline
& prediction with | system functionality.
cloud architecture.
connectivity.

III. METHODOLOGY

The waterfall methodology [18] was chosen to complete
this paper. Since this technique follows a sequential and
systematic process where the progress flows through clearly
defined stages following an academic timeline which is fixed,
unlike the agile method it does not require constant user
feedback cycles and unlike the spiral and v-models, it is less
time consuming which could be used especially that the scope
is fixed.

Basically, the processes are executed one after the other in
the model. It is a linear approach where the project flows
downwards through set phases, on completion of the previous
phase, the next phase will begin, which leads towards project
completion with clear documentation at each stage.

WATERFALL

Analysis

Design

= Implementation

Testing

Maintenance

Fig. 1. Project Methodology

IV. SYSTEM DESIGN AND ARCHITECTURE

The MediGlove system is organized across four
functional layers. Figure 2 shows the complete
implementation block diagram. The sub-sections below
explain each layer in detail.
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Fig. 2. MediGlove Complete System Block Diagram (Implementation
Version)

Layer 1 — Hardware Layer

The hardware are all the physical parts that are attached
to the glove. The power chain consists of a 3.7V LiPo battery,
a TP4056 charge controller, two voltage regulators, one to
supply a stable 5V rail to the Raspberry Pi Zero 2W [19] and
another to supply a stable 3.3V rail to all sensors. The four
Spectra Symbol flex sensors are wired to the ADS1115 16-
bit ADC [20] (I2C address 0x48)-channel 0 to channel 3,
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corresponding to the index, middle, ring and Pinky fingers.
The MPU-6050 IMU [21] (I2C address 0x68) supplies three-
axis accelerometer and gyroscope data to use for hand
orientation context. The pulse oximeter (I2C address 0x57)
from the MAX30102 [22] reads the heart rate and SpO2
continuously. SDA/SCL bus is shared with three 12C devices
over GPIO2 and GPIO3 of the raspberry pi.

HARDWARE LAYER

Power Supply Chain

37V LR TP4056 Voltage Regs
2000 1A > Chisgec > 5V - PiZew 2

dtgeat

Flex Sensors (x4)

Flex Sensor 2
Middie finge
10-20 K0 - aral
[ I 3
Flex Sensor 3 Flex Sensor 4
Ring finger Pinky finge
0-40 40 - 408 [ 0-c0ka ena

)

{ Flex Sensor 1 l

Index finger

() ADSINS ADC - PC 0x48 () MPU-6050 IMU - I°C 0x68

] Care Mode * MicroSD - Wi-Fi

)2(3) [ Raspberry Pi Zero 2W
Fig. 3. Hardware Layer — Sensors, ADC, Power Chain

Layer 2 —Firmware Layer (Python on Raspberry Pi OS)

The firmware layer is the python script
smart_glove pi.py on raspberry pi os 64-bit bookworm. It
runs concurrently three tasks performed using the Python
threading module: it reads every 2 seconds the flex channels
and various registers of the ADS1115 and MPU-6050 sensors
and then HTTP POSTs the raw values to the server, a
dedicated health thread keeps reading every second the
MAX30102 sensor and updates a shared dictionary protected
by a threading lock, and a dedicated config refresh thread
polls get config.php every 5 minutes to update the current
patient assignment without needing to restart the Pi. Most
importantly, there is no intelligence here — the firmware only

needs to be reliable in its ability to grab the sensors and send
a structured JSON.
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Fig. 4. Firmware Layer — Python Threading, I2C Reads, HTTP POST

Layer 3 — Backend Intelligence Layer (PHP / MySQL /
Apache)

The backend layer is where all adaptive intelligence
runs. The Apache server (WAMP on Windows, with
httpd.conf modified to permit LAN connections) receives
JSON POST requests from the Pi at the glove api.php
endpoint. On every POST, the backend executes: automatic
database table creation via CREATE TABLE IF NOT
EXISTS; patient and caregiver data retrieval; health reading
storage; adaptive HR baseline computation (rolling 200-
reading window with 2-sigma outlier removal); adaptive flex
threshold computation (resting averages plus fixed buffers
after ten calibration readings); gesture detection using per-
patient thresholds; health anomaly checking against care-
mode-adjusted ranges; alert cooldown enforcement; priority
score computation; and bilingual PHPMailer email dispatch.
The MySQL database stores eight tables: patients, caregivers,
health_readings, flex resting readings, gesture logs, alerts,
alert_cooldowns, and patient_gestures.
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Fig. 5. Backend Intelligence Layer — PHP/MySQL Adaptive Processing

Layer 4 — Output Layer (Dashboard & Alerts)

The output layer delivers actionable information to
the caregiver through two channels. The Apache-served web
dashboard (dashboard.php) renders live health gauges, a
gesture history log, and patient management controls
including the Assign to Glove button that activates dynamic
patient switching. The PHPMailer email system dispatches
bilingual HTML emails to the caregiver's registered address,
categorized by priority: URGENT emails for health
anomalies, NORMAL emails for recognized gesture
messages, and INFO emails for behavioural pattern reports.
Both channels are accessible from any device on the local
LAN without any internet dependency.

Fig. 7. System Flowchart
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The figure above shows the complete system flowchart for
MediGlove. The sub-sections below annotate each phase of
the flow in detail.

Fig. 8. Phase 1 — System Startup and Sensor Acquisition

A. Phase 1 — Startup and Sensor Acquisition

On boot, the Raspberry Pi OS starts automatically via
systemd and launches smart glove pi.py. The script
initialises the smbus2 12C bus, wakes the MPU-6050 by
writing 0 to its power management register (0x6B), and starts
the MAX30102 health reader thread. A clinical baseline is
then calculated using AHA [23] and Cleveland Clinic [24]
per-decade age and gender HR ranges, providing medically
appropriate starting thresholds before any personal data has
been collected. The system checks whether a care mode auto-
revert is due and if so updates the patient record to Normal
mode. Care mode threshold adjustment is then applied —
Normal mode uses the personal baseline plus or minus the
standard threshold, Active mode expands the HR window by
a factor of 1.5, and Sleep mode shifts the HR baseline down
by 10 BPM and mutes non-critical gesture alerts. The system
then begins sensor acquisition: the ADS1115 ADC reads all
four flex sensor channels via 12C at 100Hz, converting 16-bit
raw values to bend angles between 0 and 90 degrees; the
MPU-6050 is read at 50Hz providing accelerometer and
gyroscope data converted to roll, pitch, and yaw; and the
MAX30102 runs continuously in a dedicated daemon thread
with automatic reconnection on 12C error, providing heart
rate and SpO2 via IR and red LED photoplethysmography.

B. Phase 2 — Processing and Classification

Raw sensor values are passed through a preprocessing
stage that applies a moving average filter for noise removal
and min-max normalisation to produce a standardised 10-
dimensional feature vector comprising the four flex angles,
roll, pitch, yaw, BPM, SpO2, and a confidence score.
Adaptive recalibration is performed by fetching the last 200
readings from MySQL, computing the mean and standard
deviation, removing outliers beyond two standard deviations,
and recomputing a clean personal average once ten or more
valid readings have accumulated, this personal average
overrides the clinical baseline for both HR and SpO2. The

feature vector is then split into two parallel paths. On the
gesture path, the Random Forest classifier [25]
(gesture_model.pkl) classifies the four flex angles into one of
four gesture classes; predictions with confidence below 60%
fall back to the adaptive threshold method where a finger is
considered bent if its angle exceeds the patient's average
resting angle by 8 degrees. The recognised gesture is mapped
to a caregiver message via the patient gestures table and
inserted into gesture logs. On the health path, BPM and
SpO2 are compared against the effective care-mode-adjusted
thresholds — an abnormal reading sets an alert flag — and
the values are inserted into health readings. If sleep mode is
active and no reading has been received beyond the inactivity
threshold, an inactivity alert flag is set.

[ Sysemntaksaion }

Fig. 9. Phase 2 — Processing and Classification

C. Phase 3 — Transmission, Alert Dispatch and Loop
Control

The processed data is packaged into a nested JSON payload
containing the flex readings, health values, IMU data, patient
ID, gesture result, and timestamp. Before transmission, the
system checks Wi-Fi availability if the LAN is unreachable,
the firmware waits two seconds and retries, logging locally
only. Once connected, the payload is transmitted via HTTP
POST to glove api.php using the Python requests library on
port 80 with a five-second timeout. The PHP backend
validates and sanitises the incoming JSON using PDO
prepared statements before inserting records into the
gesture logs, health readings, alerts, and alert cooldowns
tables. If an alert flag was raised, the system checks whether
the cooldown period has expired if it has, the alert panel is
updated and PHPMailer dispatches a bilingual HTML email
to the caregiver via Gmail SMTP on TLS port 587 with the
appropriate URGENT, NORMAL, or INFO priority label; if
the cooldown has not expired, the alert is suppressed to
prevent notification spam. The web dashboard auto-refreshes
every 30 seconds via AJAX polling of dashboard.php,
querying MySQL and rendering live BPM, SpO2, gesture
history, and charts via Chart.js. The system then checks
whether it should continue running if yes, it loops back to
sensor acquisition in Phase 1; if no, it performs a graceful
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shutdown by closing the I2C bus, stopping all sensor threads,
flushing remaining data, and closing the MySQL connection
before ending.
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Fig. 10. Phase 3 — Transmission, Alert Dispatch and Loop Control

V. IMPLEMENTATION AND RESULTS

This chapter presents the MediGlove implementation
results, test case outcomes, and system validation. Live
testing was conducted on 31 May 2026 and 2 June 2026 using
a Raspberry Pi Zero 2W connected to a WAMP server via a
Windows mobile hotspot at 192.168.137.1. Two patient
profiles were tested: Patient 7 (elderly female, Arabic name)
and Patient 8 (fidaa). No circuit simulation was used; all
validation was conducted through live hardware testing and
server log analysis.

A. Schematic Diagram and Pin Diagram

This figure shows the MediGlove circuit schematic. A
shared 3.3V power rail and a common GND rail run
horizontally across the top of the diagram, supplying all three
sensor ICs. The Raspberry Pi Zero 2W sits on the left, with
GPIO 2 (SDA, pin 3) and GPIO 3 (SCL, pin 5) forming the
shared 12C bus running vertically through the schematic at
400kHz. The ADS1115 16-bit ADC (I12C address 0x48)
connects its VDD, GND, SDA, and SCL pins to the shared
rails and bus, with its four AINO—AIN3 input channels each
connected to the midpoint of a voltage divider formed by the
flex sensor and a fixed 10kQ resistor between 3.3V and GND.
The MPU-6050 IMU (I2C address 0x68, set by ADO pulled
to GND) and the MAX30102 pulse oximeter (I2C address
0x57) each connect their VCC/VIN, GND, SDA, and SCL
pins to the same shared rails and bus. The firmware
smart_glove pi.py running on the Pi transmits all processed
data via HTTP POST to the WAMP server.

Fig.11. Mediglove pin diagram

The figure also shows the MediGlove wiring and pin
diagram. The Raspberry Pi Zero 2W 40-pin GPIO header is
shown on the left with all active pins highlighted. Pin 1
(3.3V) supplies the ADS1115 VDD, MPU-6050 VCC, and
MAX30102 VIN through a shared red power wire. Pin 6
(GND) connects to a common ground rail shared by all three
ICs and all four flex sensor voltage dividers. Pin 3 (GPIO 2,
SDA) and Pin 5 (GPIO 3, SCL) form the shared 12C bus
connecting to the SDA and SCL pins of the ADS1115 (0x48),
MPU-6050 (0x68), and MAX30102 (0x57) in parallel. The
ADS1115 AINO through AIN3 channels connect to the four
flex sensors index, middle, ring, and pinky fingers
respectively each wired as a voltage divider with a 10kQ
fixed resistor. The MPU-6050 ADO pin is pulled to GND to
set its I2C address to 0x68. The MAX30102 operates with its
Red and IR LEDs providing PPG-based heart rate and SpO2
measurement via 18-bit ADC.

MEDIGLOVE — CIRCUIT SCHEMATIC
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Fig. 12. MediGlove Circuit Diagram

Moreover, the circuit shows the MediGlove circuit
schematic. A shared 3.3V power rail and a common GND rail
run horizontally across the top of the diagram, supplying all
three sensor ICs. The Raspberry Pi Zero 2W sits on the left,
with GPIO 2 (SDA, pin 3) and GPIO 3 (SCL, pin 5) forming
the shared 12C bus running vertically through the schematic
at 400kHz. The ADS1115 16-bit ADC (I12C address 0x48)
connects its VDD, GND, SDA, and SCL pins to the shared
rails and bus, with its four AINO—AIN3 input channels each
connected to the midpoint of a voltage divider formed by the
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flex sensor and a fixed 10kQ resistor between 3.3V and GND.
The MPU-6050 IMU (I2C address 0x68, set by ADO pulled
to GND) and the MAX30102 pulse oximeter (I2C address
0x57) each connect their VCC/VIN, GND, SDA, and SCL
pins to the same shared rails and bus. The firmware
smart_glove pi.py running on the Pi transmits all processed
data via HTTP POST to the WAMP server.

B. Live System Screenshots

The following images show the MediGlove system during
live operation. The screenshots provided are inserted from the
actual deployment session.

Welcome back, Zaidan
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Fig. 13. Add New Patient Page

¢ Add New Patient
Patient Name *

Fig. 14. Displays the add new patient form where the caregiver enters the
patient’s name, date of birth, gender, and any relevant clinical notes before
registering them in the system.
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Fig. 15. shows the gesture message configuration page where each finger is
assigned a custom message and alert level. A live test button allows the
caregiver to trigger a test notification to verify the configuration before
deployment.

MediGlove

Configure Thresholds @

@ Normal

Fig. 16. this image shows the health threshold configuration panel where
caregivers can manually override the adaptive HR and SpO2 alert thresholds

with patient-specific clinical values if required.

Fig. 17. showcases the live health monitoring panel displaying the
current HR and SpO2 readings alongside the patient’s adaptive baseline
range as it converged during the session.
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Fig. 18. Shows the health history page with a chart of HR and SpO2 readings
over the session timeline and a tabular summary showing date, time,
individual readings, and status classification.
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Fig. 19. shows an URGENT level email triggered when the patient's SpO2
reading fell outside the adaptive safe range, with the subject line and header
clearly marked as urgent to prompt immediate caregiver response.
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Tone: 310872028 094119

Fig. 20. shows a NORMAL level health alert email triggered by an elevated
heart rate reading, containing the deviation from the patient's personal
baseline in both absolute BPM and percentage terms within the context
block.

Fig. 21. shows the MediGlove prototype worn on the hand during the live
testing session, demonstrating the ergonomic fit of the glove and the
placement of the flex sensors across the four instrumented fingers.
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Fig. 22. shows the bilingual email format with both English and Arabic text
present throughout the main body and the context block, confirming the
PHPMailer implementation of the dual-language alert system

C. System Validation

System validation was performed step by step as proposed
in methodology to ensure that the system fulfils project
objectives and user requirements.

TABLE II. System Validation

.. Validation
Objective Method Outcome Status
To design a
Raspberry
Pi-based . Physical All sensors
glove with oo
prototype reading; data
health >
o assembled | transmitted every Met
monitoring d ) . AN
and  flex | 4 s via json=
operational | POST
sensors for
gesture
recognition
To develop
a web
application
to  capture Dashboard .
user . Patient
accessed in .
preferences browser assignment, care Met
and during live mode, gesture
behaviours g logs all functional
testing
and
integrate
with a
database
To collect | Two Thresholds differ
user data | patients or atient:
through with P patient, Met
. personal adaptive
Sensors, different .
. after 10 readings
store, resting
To train the Multiple
model to .
custommise readings HR range
the olove collected evolved: 63-103 - Met
EOVE | across 30- | > 56-96 BPM
for multi- . .
minute personal adaptive
user sessions
adaptability

VI. CONCLUSION

This project successfully designed and implemented
MediGlove, an Al-based adaptive behavioral monitoring
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smart glove for individuals with physical disabilities. The
system achieves its primary aim of facilitating gesture-based
communication and enabling caregiver health monitoring
through a fully functional prototype validated in live testing
across two patients with contrasting physiological profiles.

The key technical contribution of MediGlove is its fully
server-side adaptive intelligence architecture. The system
automatically learns each patient's resting hand position from
the first ten readings and computes personalized per-finger
gesture thresholds without any manual calibration. Health
baselines evolve from medically accurate age-and-gender-
specific clinical defaults to individualized personal averages
as readings accumulate, implementing genuinely adaptive
monitoring requiring zero user intervention.

All four project objectives were met and confirmed
through live testing. The adaptive HR baseline was observed
converging from clinical default 63-103 BPM to personal
range 56-96 BPM within a single session. Bilingual
English/Arabic email alerts were delivered correctly for all
gesture and health anomaly events. The system operated
reliably on a local LAN at 145 OMR total hardware cost
without any internet dependency.

The edge-computing architecture proved to be a sound
design decision: the Raspberry Pi Zero 2W's limited
resources are dedicated entirely to reliable sensor reading and
HTTP transmission, while all adaptive intelligence runs
unencumbered on the PHP server. Compared to existing
solutions, MediGlove demonstrates significant advantages in
cost, adaptability, multi-user support, bilingual cultural
relevance, and local operation — directly addressing the gaps
identified in the literature review and the barriers documented
by some of the authors.

VII. FUTURE WORK

To make this invention operates at optimal level future
work will focus on improving the functionality, reliability, and
clinical applicability of MediGlove. A fifth flex sensor will be
added to monitor thumb movement and support a wider range
of complex gestures. Motion artifact rejection will also be
enhanced by using MPU-6050 accelerometer data to suppress
unreliable MAX30102 readings during periods of significant
movement. Gesture recognition will be improved through a
confirmation window requiring consistent readings across
multiple samples, while an exponential moving average will
allow health baselines to adapt more effectively to genuine
changes in the user's condition.

Further developments will include additional alert
channels such as WhatsApp Business API or Firebase Cloud
Messaging, a mobile-optimized caregiver dashboard, and
structured clinical trials involving patients at Al Wafa
Rehabilitation Centres in Oman. Furthermore, the system will
also be enhanced with improved battery efficiency, Bluetooth
fallback communication for areas without Wi-Fi connectivity,
and over-the-air firmware updates to support reliable long-
term deployment and maintenance of the smart glove.
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Abstract — Sleep is very important in physical well-being,
cognitive ability, and emotional stability. The uncritical
classification of sleep phases as well as objective measurement
of sleep quality are critical in diagnosing sleep disorders and
sleep health. The traditional sleep staging is conducted
manually with the help of polysomnography records, and it is
time-consuming, expensive and prone to inter-scorer
discrepancy. Such constraints have inspired the creation of
automated systems of  sleep analysis involving
electroencephalographic (EEG) and artificial intelligence
methodologies. This research introduces an automatic sleep
stage classification and sleep quality evaluation system based
on EEG signals and the Convolutional Neural Networks
(CNNs) using datasets. Clinically annotated sleep EEG datasets
are publicly available, and they are used so that the quality of
recordings, standard labelling, and reproducible results can be
guaranteed. The EEGs are pre-treated to eliminate noise and
artifact, divided into normal 30-second epochs and converted
to frequency representations to extract spectral and temporal
features. The inputs are these representations to a CNN model
which is trained to distinguish between sleep stages Wake, N1,
N2, N3, and REM. After classifying sleep stages, objective sleep
quality measures are calculated based on the inferred sleep
architecture such as total sleep time, sleep efficiency, duration
distribution of sleep stages, proportion of deep sleep and sleep
fragmentation measures. The efficiency of the suggested system
is measured in terms of typical classification measure of
accuracy, precision, recall, Fl-score, and confusion matrix
analysis and is contrasted with the methods that are known to
be used in the research. The development of the suggested
system is supposed to minimize the use of manual sleep scoring,
enhance the consistency and efficiency of sleep analysis
procedures, and create a basis on scalable sleep monitoring
solutions.

Keywords — EEG, Sleep Staging, CNN, Deep Learning,
PSD, Sleep Quality, Signal Processing, Sleep Monitoring
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I. INTRODUCTION

Sleep is a basic biological condition, which is vital in
ensuring physical wellness, cognitive functions, moodiness,
and good health. The recent way of living, the level of stress,
and the overuse of digital technologies have led to mass sleep
disorders in populations. Consequently, sleep-related
disorders and subpar sleep quality have become major issues
of global public health. The ability to measure sleep stages
and sleep quality accurately can be important in the diagnosis
of sleep disorders, in assessing the effectiveness of treatment
or in determining the interaction between sleep and long-
term health outcomes. Conventionally, sleep analysis has
been based on manual interpretation of physiological signals
which is time consuming and can be affected by human
variations. In recent years, there has been an increase in the
number of people interested in creating automated systems
capable of processing sleep data efficiently and objectively
with the help of the latest achievements in signal processing
and artificial intelligence.

Sleep represents about a third of the total human life and
is fundamentally important in a variety of physiological and
neurological activities. Thus, it has been demonstrated that
lack of sleep or low sleep quality correlates with poor
cognitive abilities, mood, cardiovascular, metabolic, and
higher risks of death [1]. Therefore, the knowledge of the
sleep structure and the correct evaluation of the quality of
sleep play a significant role in clinical practice and the field
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of biomedical studies. Sleep architecture is the cyclic
organization of human sleep that is divided into several
stages that are repeated during the night. The American
Academy of Sleep Medicine (AASM) describes five stages
of sleep as the Wake, Non-Rapid Eye Movement (NREM)
stages N1, N2, and N3, and Rapid Eye Movement (REM)
sleep [2]. The stages of sleep are distinguished by the
peculiarities of the brain activity which could be detected
with the help of EEG signals. Electroencephalography (EEG)
is a non-invasive test involving a test that measures and
records electrical brain activity using electrodes that are
placed on the head. EEG is the most important signal to be
used in classifying sleep stages because of its great temporal
resolution as well as the fact that it is able to record various
neural oscillations related to various sleep stages.
Indicatively, deep sleep (N3) is characterized by slow delta
waves whereas the REM sleep has the low-amplitude mixed-
frequency activity resembling those in the state of
wakefulness [3].

Overnight polysomnography (PSG) that records EEG and
other physiological parameters, including electrooculography
and electromyography, is traditionally used in clinical
settings to identify sleep stages. PSG recordings are manually
scored by sleep specialists who visually examined EEG data
in regard to 30-second epochs. Manual sleep staging is
tedious, expensive, and prone to inter-scorer inconsistency
even though PSG is viewed as the gold standard of sleep
evaluation; especially during transitional stages of sleep like
N1 and N2 [4]. The constraints have led to a lot of studies on
automated sleep stage classification techniques. The recent
progress in artificial intelligence, especially deep learning
allowed creating models that are able to learn complex
patterns on EEG data by default. CNNs have proven to be
quite effective in the classification of sleep stages by training
on  discriminative  features of  frequency-domain
representations of EEG signals [5].

II. RELATED WORK

A. Automatic Sleep Stage Classification Using Fine-
Grained CNN Segments

Cui et al. [5] proposed an automatic sleep-stage
classification method that combines a convolutional neural
network with fine-grained multiscale-entropy segments
extracted from single-channel EEG. Each 30-second epoch is
analysed at multiple temporal scales before being passed to
the CNN, allowing the network to capture both short-
duration transients and longer sleep-stage patterns. Evaluated
on a public sleep-EEG dataset, the fine-grained CNN
outperformed classifiers trained on hand-crafted features
alone, particularly for N2 and N3. The study confirms the
general effectiveness of CNN architectures for automated
staging and supports the dataset-driven evaluation approach
adopted in the present work. However, the fine-grained
segmentation adds computational overhead, and, like most
classification-only studies, the paper does not derive any
downstream sleep-quality measures from the predicted
hypnogram. The current research retains the core CNN-based
classification strategy but replaces multiscale-entropy
segments with PSD band-power features, which are
computationally lighter and more directly interpretable in
clinical terms, and extends the pipeline with an explicit sleep-
quality assessment stage.

B. Automatic Sleep Stage Scoring from Raw Single-
Channel EEG

Supratak et al. [6] introduced DeepSleepNet, a two-stage
deep network that combines convolutional layers for
representation learning from raw, single-channel EEG with
bidirectional long short-term memory (LSTM) layers to
model stage-transition rules across epochs. Trained and
evaluated on public PSG datasets, DeepSleepNet achieved
strong overall accuracy without requiring hand-crafted
features, establishing an influential end-to-end baseline for
the field. The model's reliance on raw time-domain input,
however, increases training cost and reduces the
interpretability of the learned features relative to spectral
representations, and no sleep-quality metrics are reported.
The present study builds on the same end-to-end philosophy
but substitutes raw-signal input with PSD band-power
features to retain interpretability and reduce computational
cost, while adding explicit sleep-quality computation absent
from DeepSleepNet.

C. Temporal Deep Learning for Multimodal Sleep Stage
Classification

Chambon et al. [7] proposed one of the first fully end-to-
end deep architectures for temporal sleep-stage classification,
learning spatial filters directly from multivariate, multimodal
polysomnography signals (EEG, EOG and EMG) without
computing spectrograms or hand-crafted features. Their
network outperformed conventional decision-tree and CNN
baselines across several public datasets and demonstrated
that spatial-filtering layers can substitute for manual channel
selection. The approach depends on multichannel PSG,
which is not always available in simplified or wearable
monitoring setups, and the paper does not address sleep-
quality reporting. The current work targets a lighter, single-
channel EEG configuration more consistent with scalable
monitoring, using PSD features in place of learned spatial
filters, and complements the classification stage with sleep-
quality metrics.

D. Convolutional Neural Networks on Raw EEG for Sleep

Staging

Sors et al. [8] trained a deep convolutional network
directly on raw single-channel EEG for five-class sleep-stage
scoring, reporting classification performance close to human
inter-scorer agreement on a large PSG cohort. Their results
reinforced the viability of CNNs for automated staging from
a single channel, matching the streamlined-hardware
philosophy underlying the present system. Because the
network consumes raw time-series data, however, it offers
limited insight into which spectral characteristics drive each
classification decision, and, as with the other CNN studies
discussed here, sleep-quality assessment is outside its scope.
The present research keeps the single-channel, CNN-based
design but replaces raw-signal input with PSD-derived band-
power features to improve interpretability and extends the
pipeline to report clinically meaningful sleep-quality indices.

E. Transformer-Based Sleep Staging for Clinical Practice

Zhang et al. [9] proposed SwinSleep, a deep learning
framework that adapts a one-dimensional Swin Transformer
for overnight sleep staging directly from PSG features,
aiming explicitly at clinical deployment. Evaluated across
multiple cohorts, SwinSleep outperformed several CNN and
RNN baselines and additionally predicted standard sleep-
architecture metrics from the scored hypnogram, illustrating
the growing trend toward combining stage classification with
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downstream sleep-quality reporting. The transformer
backbone, however, is markedly more parameter-heavy than
convolutional alternatives, increasing training and inference
cost, which limits its suitability for lightweight or resource-
constrained monitoring. The present system pursues the same
goal of pairing classification with sleep-quality reporting but
adopts a considerably lighter one-dimensional CNN
operating on PSD features, prioritising computational
efficiency and interpretability over transformer-scale

capacity.

F. Recurrent Neural Networks for Single-Channel Sleep

Staging

Michielli et al. [10] proposed a cascaded LSTM recurrent
network for automated sleep-stage classification from single-
channel EEG, using a two-stage architecture in which an
initial classifier's outputs are refined by a second LSTM stage
that models inter-epoch temporal dependencies. The
cascaded design improved discrimination of transitional
stages relative to a single-stage baseline, evaluated on a
public PSG dataset. The sequential two-stage architecture,
however, increases model complexity and training time
relative to a single feed-forward CNN, and the study reports
only classification metrics without deriving sleep-quality
indices. The current work favours a single-stage one-
dimensional CNN over PSD features for computational
simplicity, while incorporating sleep-quality computation
that the cascaded-LSTM study omits.

G. Review of Automated EEG-Based Sleep Stage
Classification

Zhang et al. [11] conducted a systematic review of
automated EEG-based sleep-stage classification methods,
comparing feature-based and deep learning approaches and
specifically examining how staging accuracy differs between
healthy individuals and patients with sleep apnea. The review
highlights  persistent challenges in cross-population
generalisation and stresses that staging accuracy alone is an
incomplete measure of a system's clinical value. This review
substantiates the motivation for the current study's dataset-
driven evaluation and its inclusion of sleep-quality metrics as
a complement to classification accuracy, while, as a review,
it offers no new implementation or experimental results of its
own that could be directly benchmarked against the proposed
pipeline.

H. Recent Advances in Generalisable and Efficient Sleep
Staging (2021-2024)

Beyond individual architectures, several recent studies
have targeted generalisation, efficiency and interpretability in
automated sleep staging. Perslev et al. [12] introduced U-
Sleep, a fully convolutional U-Net-style network capable of
resilient, high-frequency staging across a wide range of PSG
channel configurations and cohorts. Guillot and Thorey [13]
proposed RobustSleepNet, which uses an attention-based
channel-fusion mechanism to transfer across arbitrary PSG
montages without retraining. Vallat and Walker [14]
developed YASA, an open-source, feature-based staging tool
validated on tens of thousands of hours of recordings and
widely adopted for its accessibility outside specialised deep-
learning environments. Phan et al. [15] proposed
SleepTransformer, a fully attention-based architecture that
additionally quantifies prediction uncertainty at the epoch
level, and Eldele et al. [16] conducted a comprehensive
evaluation of self-supervised pre-training for label-efficient
sleep staging, showing that competitive performance can be
reached with only a small fraction of labelled data. Most

recently, Lee et al. [17] proposed SleePyCo, combining a
multiscale feature pyramid with supervised contrastive
learning to improve discrimination of the N1 and REM
stages across four public datasets. Collectively, these studies
illustrate a shift toward generalisable, data-efficient and
interpretable staging systems, a direction the present PSD-
based CNN pipeline follows by favouring a compact,
physiologically interpretable feature representation over large
multichannel or transformer-scale models, while retaining an
explicit, clinically oriented sleep-quality assessment stage

that few of these systems provide.

TABLE I. SUMMARY OF LITERATURE REVIEWED ON AUTOMATIC
SLEEP STAGE CLASSIFICATION AND SLEEP QUALITY

ASSESSMENT
Title/ Suggested
Author / Core Idea Key Gap &8
Improvement
Year
CNN with Hich
multiscale- g . Use lighter PSD
. . computational
Fine-Grained | entropy band-power
overhead from
CNN segments . features;  add
multiscale .
Segments outperforms . sleep-quality
segmentation; no
[5] hand-crafted- . assessment
& sleep-quality S
eature pipeline.
. output.
classifiers.
CNN + bi- | High Replace raw
LSTM  learns | computational cost | input with
DeepSleepNe | features directly | of raw-signal | interpretable
t [6] from raw | processing; low | PSD features;
single-channel feature add sleep-
EEG. interpretability. quality metrics.
End-to-end Reauires Adopt  single-
Multimodal spatial-filter qu channel  PSD
. multichannel PSG;
Temporal learning across no  sleen-aualit features;  add
CNN [7] multichannel reportin P-4 Y sleep-quality
PSG. POrting. computation.
CNN on raw Limited Use PSD-
. EEG . . derived features
Raw Single- interpretability of
approaches . for
Channel human inter- raw-signal interpretability;
CNN [8] features; no sleep- P ¥
scorer uality output add sleep-
agreement. q y ' quality metrics.
Swin
Transformer . Use lightweight
. combines High — parameter CNN on PSD
SwinSleep . . count and A .
staging with . features; retain
[9] computational .
sleep- cost sleep-quality
architecture ’ reporting.
reporting.
Two-stage Higher model | Use single-
Cascaded LSTM_ refines corpplexlty and sFage.C.NN for
transitional- training time; no | simplicity; add
LSTM [10] ! :
stage sleep-quality sleep-quality
classification. output. computation.
Surveys
feature-based Use dataset-
Review  of | and deep | No new | driven
Automated learning implementation or | evaluation with
Sleep methods; notes | experimental explicit  sleep-
Staging [11] generalisation benchmark. quality
gaps across assessment.
populations.
U-Net,
attention-based
transfer,
Recent feature-based, Predominantly Favour a
Generalisable | transformer and | multichannel or | compact PSD +
/Efficient contrastive- large-model CNN model
Staging learning designs; sleep- | with  explicit
Systems approaches quality reporting | sleep-quality
[12]-[17] targeting largely absent. assessment.
generalisation,
efficiency and
label efficiency.
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III. METHODOLOGY

The research follows the applied, data-centric research
approach common to EEG signal-processing and deep-
learning studies, in which the pipeline is developed through
staged experimentation, evaluation, and feedback rather than
a fixed software lifecycle [18]. The stages are: dataset
acquisition and exploration, EEG pre-processing, epoch
segmentation, PSD-based feature extraction, CNN-based
classification, sleep-quality assessment, and performance
evaluation, as summarised in Fig. 1.

e N \ 3

EEG Preprocessing Module

—>| - Bandpass filter (0.5-45 Hz) =]
- Artifact reduction

Public Sleep EEG Dataset Epoch Segmentation Module

(EEG + Annotations/Labels) - Split into 30-second epochs

- Align labels per epoch

- Normalization
\. J/ | J/ (. J/
A
4 B e N e N
Sleep Quality Sleel -
p Stage Classification :
Assessment Module Module (1D-CNN) PSD Feature Extraction Module
- TST, Sleep Efficiency ™ - Welch PSD per epoch

- Train/Validate/Test

- Stage distrbution, N3% - Predict: W, N1, N2, N3, REM

- Fragmentation indicators
|\ J/ . J/ . J/

- Bandpower features (A,6,a,8)

Fig. 1. System block diagram of the proposed EEG sleep-staging pipeline

A. Dataset Acquisition and Exploration

EEG data is obtained from publicly available, clinically
annotated sleep-EEG datasets rather than real-time
acquisition, following common practice in sleep research
[19]. Public datasets provide reproducibility, standardised
labelling, and sufficient volume to train deep-learning
models without the ethical and logistical overhead of
collecting human EEG data [19]. Candidate datasets were
compared on data quality, annotation standard, subject
diversity, and prevalence in the literature [20], and the
Sleep-EDF Database Expanded from PhysioNet was
selected [21]. Exploratory analysis examined recording
duration and subject count, channel configuration and
sampling rate, stage-distribution class imbalance, and
missing or corrupted data; as expected, N2 dominates total
sleep time relative to transitional stages such as N1 [20], a
factor that subsequently informs training and evaluation.

B. EEG Pre-processing

Raw EEG is susceptible to noise from eye movement,
muscle activity, electrode motion, and environmental
interference [22]. Each recording is bandpass-filtered to 0.5—
45 Hz to remove baseline drift and high-frequency noise [3],
processed with artefact-mitigation to suppress transient
disturbances while preserving physiologically meaningful
activity [22], and normalised to reduce inter-subject
variability and stabilise training [18]. The pre-processed
signal is obtained as

xp(n) = N{F[x(n)]}
where F denotes bandpass filtering and N denotes
normalisation.

C. Epoch Segmentation

The pre-processed signal is segmented into non-
overlapping 30-second epochs consistent with AASM
guidelines [2]. If fs is the sampling frequency, each epoch
contains L = 30-fs samples, and epoch Ek is associated with

the sleep-stage label from the dataset annotation. This
converts a long continuous recording into discrete, labelled
samples suitable for supervised learning [3].

D. PSD-Based Feature Extraction

Because sleep stages correlate strongly with EEG spectral
content, each 30-second epoch is represented by its Power
Spectral Density (PSD), estimated with Welch's method for
its favourable variance properties [23], [24]:

Pk() = Welch(Ek)

Band-power features are then obtained by integrating Pk(f)
over the standard delta, theta, alpha, and beta EEG bands
[2], [3], giving a compact, physiologically interpretable
feature vector Fk = [BPk,3, BPk,0, BPk,0, BPk,f] for each
epoch [20].

E. Sleep Stage Classification Model

The PSD feature vectors are treated as 1-D sequences
across frequency bins and classified with a one-dimensional
CNN, chosen for its ability to learn local, frequency-
localised patterns and inter-band interactions relevant to
sleep staging [5], [6]:

Jk = C(Fk; 6)

where C is the CNN model with learned parameters 6, and
vk € {Wake, N1, N2, N3, REM}. Data is split into training,
validation, and test sets for unbiased evaluation [18]; the
network is trained with categorical cross-entropy loss and an
adaptive optimiser, and dropout regularisation is used to
limit overfitting while keeping model complexity feasible
and reproducible [5].

F. Sleep Quality Assessment

From the predicted stage sequence ¥ = {¥1, ..., yK}
across a full recording, clinically defined sleep-quality
metrics are computed [2], [3]:

TST =Xk If(Yk # wake) x 30 s
SE = (TST / Total Recording Time) x 100%
N3% = 2k If(Pk =N3) / K) x 100%

where If is an indicator function. These metrics — total
sleep time (TST), sleep efficiency (SE), and deep-sleep
proportion (N3%) — summarise sleep architecture in
clinically meaningful terms [1].

G. Performance Evaluation

Model performance is assessed with standard multi-class
metrics — accuracy, precision, recall, Fl-score, Cohen's
Kappa, and confusion-matrix analysis [25] — chosen to
reveal both overall behaviour and per-class performance,
which is important given the under-representation of stages
such as N1.

IV. SYSTEM DESIGN AND ARCHITECTURE

This section translates the methodological pipeline of
Section III into an implementable system, describing the
execution flow, requirements, and test strategy used to
validate the design.
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A. System Flow

Fig. 2 shows the execution flow of the implemented
system. Processing begins by loading and verifying the
chosen EEG dataset; incomplete or corrupted files trigger
corrective handling before continuing. Verified signals are
filtered and normalized, resampled if the sampling rate does
not match the target and segmented into 30-second epochs
aligned with their stage labels. PSD features are then
extracted for each epoch and assembled into training,
validation, and test splits. During training, the CNN is fit on
the training set and validated, with model or feature
adjustments applied if performance is unacceptable,
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check data

Show error
and ask to
check epochs

Segment data into
epochs (e.g.,
30-second
epochs)

Preprocessing
successful?

Extract features
for each epoch
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method, bandpower
features A, 6, a, B)

Adjust settings
(epochs size or
threshold)

as Wake, N1, N2,
N3, or REM?

Training mode?

Train 1D-CNN model
on training set

Validate model on
validation set

L

particularly for the harder classes such as N1. During
inference, the trained model predicts stage labels for unseen
epochs, from which sleep-quality metrics are computed and
classification performance is evaluated and reported.
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reload data

Preprocess EEG data
(Bandpass filter,
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(if needed)

A 4
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Fig. 2. System flow chart describing the execution logic from dataset loading to results reporting.

B. Hardware and Software Requirements

As a dataset-based software system, hardware
requirements are modest: a standard PC or laptop with an
Intel Core i5-class processor (or better), 8 GB RAM (16 GB
recommended for training), and 20-30 GB of free storage
for datasets, models, and results. The software stack is
entirely open-source and cross-platform (Windows, Linux,
or macOS), built on Python 3.8+ with NumPy and SciPy for
numerical processing, MNE-Python for EEG handling,
scikit-learn for data splitting and evaluation, TensorFlow or
PyTorch for the CNN, and Matplotlib/Seaborn for
visualization, developed within Jupyter Notebook or a
standard IDE. Data requirements are limited to publicly
available sleep-EEG recordings with known sampling
frequency and expert-annotated stage labels, such as those
provided by PhysioNet [19].

C. System Test Plan

Test points were defined at the input and output of every
functional unit; dataset input, pre-processing, epoch
segmentation, PSD extraction, classification, sleep-quality
assessment, and performance evaluation to verify correct
operation and data integrity throughout the pipeline. Table II
summarizes the resulting test cases and outcomes.

TABLE II. SUMMARY OF SYSTEM TEST CASES
. Action / Expected Implemented
Test Subject Result Result Status
EEG Dataset Load Sleep-EDF Dataset loaded
T1 recordings and Pass
Input . successfully
annotations
EEG pre- Apply 0.5-45 Hz Filter applied
T2 . Pass
processing bandpass filter successfully
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EEG pre- Normalise EEG Normahsed
3 rocessin amplitude signal Pass
P & P generated
Epoch Segment into 30- 1002 epochs
T4 . Pass
Segmentation second epochs generated
Compute Welch Features
T5 PSD Fgature PSD / band-power extracted Pass
Extraction
features successfully
Predict W, N1, N2,
T | Chumnoson | NREMwiti | DRSS pass
trained CNN p
Performance Compute aceuracy, | 76.06% / 0.687
T7 . Kappa, confusion . Pass
Evaluation . obtained
matrix, F1
Sleep Qualit Derive TST, Metrics
T8 P y efficiency, stage generated Pass
Assessment L
distribution successfully

All test cases passed within the expected operating
ranges, confirming that each functional unit meets its design
requirement before assessment of overall system
performance in Section V.

V. IMPLEMENTATION AND RESULTS

The complete pipeline was implemented and validated on
the Sleep-EDF Database Expanded from PhysioNet [19],
[21], covering data loading, pre-processing, epoch
segmentation, PSD-based feature extraction, CNN-based
stage  prediction, sleep-quality = computation, and
performance evaluation. The processed recording yielded
1002 valid 30-second epochs used for training, validation,
and testing.

A. Classification Performance

The system achieved an overall classification accuracy of
70.06% and a Cohen's Kappa of 0.687, indicating moderate-
to-substantial agreement between predicted and true sleep
stages. Table III summarises the overall performance
indicators, and Table IV reports precision, recall, and F1-
score for each sleep stage.

TABLE III. MEASUREMENT OF OVERALL SYSTEM PERFORMANCE

Parameter Value Description

Total Epochs 1002 30-second EEG epochs
processed

Accuracy 70.06% Overall classification
accuracy

Cohen's Kappa 0.687 Agreement beyond chance

Weighted F1-Score 0.691 Class-size-weighted F1

Macro F1-Score 0.562 Unweighted mean F1
across classes

TABLE IV. PER-CLASS CLASSIFICATION PERFORMANCE

Sleep Stage Precision Recall F1-Score
Wake 0.951 0.443 0.605
N1 0.000 0.000 0.000
N2 0.619 0.866 0.722
N3 0.795 0.884 0.837
REM 0.746 0.573 0.648

N3 achieved the strongest Fl-score (0.837), showing
reliable detection of deep sleep, followed by N2 (0.722). N1
performed poorest, consistent with its nature as a brief,
transitional stage that is difficult to separate from adjacent
stages in EEG literature. Fig. 3 shows the corresponding
normalised confusion matrix: most misclassifications occur
between neighbouring stages, particularly N1<-N2 and
REM<N2, reflecting the similarity of their spectral
characteristics.

Cohen’s Kappa: @.687

Confusion Matrix (normalized)

o
R 0.02 0.04
-04
D- 000 0.00
-0.2
Z- o006 0.20
4
] ‘ ] " -0.0
w N1 N2 N3 REM

Predicted

Fig. 3. Normalised confusion matrix for the five-class sleep-stage
prediction.

B. Hypnogram and Temporal Behaviour

Fig. 4 compares the true and predicted hypnograms
alongside rolling classification accuracy and per-class F1-
scores. The predicted stage sequence follows the same
overall trend as the ground truth, indicating that the model
captures the temporal structure of sleep architecture even
where individual epochs are misclassified.

Fig. 4. True vs. predicted hypnograms, rolling accuracy, and per-class F1-
scores.

C. Results Dashboard

An interactive dashboard (Fig. 5) was built to present
sleep-analysis outputs, including overall accuracy (80.8% on
the displayed session), Kappa score, per-class Fl-scores,
confusion matrix, and a qualitative sleep-quality rating
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("Good"), making the results accessible to non-technical
users.

J Sleepinsight Sleep Analysis Overview

Good

Ekk kg

Good

o e ey 3 b o o et e ane s e e e

: _ I e ]
Fig. 5. Sleep-analysis results dashboard summarising accuracy, Kappa,
Fl-scores, and sleep quality.

D. System Validation

The system was validated both objectively and
subjectively against the goals defined in Section I. Objective
validation used standard classification metrics, 70.06%
accuracy and a Kappa of 0.687, together with the confusion
matrix and per-class Fl-scores, confirming strong
performance on N2, N3, and REM. Subjective validation
involved visual inspection of the generated hypnograms and
dashboard outputs, which were consistent with expected
sleep architecture. Together, these results confirm that the
system meets its design objectives for EEG-based sleep-
stage classification and sleep-quality assessment.

VI. CONCLUSION

This research work designed and implemented a dataset-
driven system that classifies EEG signals into five sleep
stages which are Wake, N1, N2, N3, and REM using PSD-
based features and a CNN and derives clinically meaningful
sleep-quality metrics from the predicted architecture. The
system achieved an overall accuracy of 70.06% and a
Cohen's Kappa of 0.687, with strong performance on N2 and
N3 and weaker performance on the transitional N1 stage,
consistent with the wider sleep-staging literature. Class-wise
Fl-scores, confusion-matrix analysis, and hypnogram
comparison confirm that the model captures the temporal
structure of sleep, and the derived sleep-quality indicators
align with clinical expectations. Each functional module pre-
processing, feature extraction, classification, and sleep-
quality assessment was independently tested and integrated
into a reproducible pipeline, with an interactive dashboard
providing an accessible view of the results. Compared with
related work, the proposed system offers a favourable
balance of interpretability, computational efficiency, and
integrated sleep-quality assessment, while classification of
the N1 stage and reliance on a single dataset remain the
main limitations.

VII. FUTURE WORK

Several directions are proposed to extend this work.
Dataset compatibility should be broadened beyond Sleep-
EDF to improve generalization across recording protocols
and populations. More sophisticated artefact-removal

techniques could improve pre-processing quality,
particularly for muscle and eye-movement artefacts.
Sequence models such as LSTMs or temporal CNNs could
be explored to improve classification of transitional stages,
especially N1, by exploiting inter-epoch context. Feature
selection or dimensionality reduction may reduce
computation while preserving accuracy. The dashboard
could be extended with longitudinal reporting across
multiple nights and automated alerts for abnormal sleep
patterns. Finally, extending the system to real-time EEG
acquisition and online classification would enable
continuous monitoring in clinical or home settings, moving
the system from retrospective analysis toward practical,
deployable sleep monitoring.
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Abstract — Cases of leaving children unattended in parked
cars are on the rise, exposing them to life-threatening cardiac
conditions without actual supervision worldwide, especially due
to rising temperatures. This project aims to develop and design
a child detection and rescue system based on artificial
intelligence, which can effectively detect a child or person in a
parked car, giving it high reliability. The logic behind the
proposed solution is to integrate computer vision methods with
sensor integration, where the YOLOVS deep learning model
with OpenCV (cv2) for camera capture and image processing.
will be implemented on a Raspberry Pi to process images
captured by a camera inside the car in real-time. Visual
detection is supported by multiple sensors, including an air
quality sensor to indicate changes in air composition associated
with human presence, a human presence motion sensor (PIR) to
detect movement, and a DHT11 sensor to monitor temperature
and humidity conditions inside the vehicle. The system also
follows the V-model development process to verify the
integration of hardware and software at each step. After
verifying the presence of a human user, a multi-level warning
system will be activated, including an audible alarm, flashing
warning lights, and a mobile notification system supported by
Internet of Things technology. The proposed system will help
enhance individual safety by providing reliable real-time
monitoring and smart alerts, which will reduce the likelihood of
children dying in parked vehicles and assist in the smart use of
safety devices in cars.

Keywords — Artificial Intelligence, YOLOvS, Child Presence
Detection, Sensor Fusion, Raspberry Pi, Internet of Things,
Vehicular Heatstroke
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I. INTRODUCTION

The rising cases of child deaths because of heatstroke in
closed vehicles have become a serious international concern
owing to the drastic increase in the cabin temperature over a
brief duration of time. Research indicates that the temperature
in a parked car can rise over 20 C in the first ten minutes,
which makes cars dangerous to children who are accidentally
left without any supervision [1], [2]. Vehicular safety systems,
including motion-based, temperature, and air-quality-based
detection systems, offer partial solutions, but, nonetheless,
they cannot still reliably detect the presence of human life,
which leads to false alarms and unreliability [3], [4]. The latest
innovations in the fields of artificial intelligence (Al),
embedded systems, and deep learning algorithms have made a
great contribution to the ability of intelligent systems to
recognize the presence of people through visual recognition
and multi-sensor validation [5], [6].

Hence, it is necessary to find a stable and intelligent system
that can properly recognize the existence of a child in a vehicle
parked and takes immediate action to avoid deaths. The
possible advantage of the suggested system is that it will
enhance safety within vehicles through the application of
advanced technologies that will be able to detect life signs with
the maximum accuracy to minimize false alarms and enhance
the response time in the case of an emergency. The project is
selected because of the severe necessity of the dependable
detection solutions and the possibility to implement the recent
development in Al and embedded systems to the real-life
safety applications.

The problem of children being left unattended in parked
cars has been of great concern to researchers and safety
organizations as there is high potential for heat-related deaths.
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With the temperature in the cabin of vehicles increasing
dramatically in a matter of minutes, there is an impending
threat of intelligent systems that identify human presence thus
helping to take the necessary rescue measures in good time.
As aresult, a few researchers have worked on the development
of smart car safety systems based on different sensing and
detection methods.

Earlier work explored carbon-dioxide-based sensing to
detect children in closed vehicles [4]. Even though their
system showed the possibility of using respiration-based
detection, it fell prey to environmental perturbation, airflow
changes, and lag time. On the same note, loT-based child
safety monitoring systems that used temperature sensors and
motion sensors [3] failed to differentiate between living and
non-living objects reliably, which led to false alarms. These
constraints point out the difficulties of single-sensor and rule-
based detection methods.

The most recent developments in the field of artificial
intelligence and computer vision have brought more valid
approaches to the problem of human presence detection.
YOLOv8 (You Only Look Once) has demonstrated good
performance in real-time human detection performance in
detecting humans in real-time and under different lighting and
environmental conditions [7], [8]. Although promising in
accuracy, vision-based systems might not be robust enough in
that even with their accuracy, the systems can still be
influenced by factors like camera views, cabin shadows and
visual similarities between objects and thus bring down the
reliability of the detection.

To solve these problems, the most recent studies focus on
the fusion of computer vision and sensor fusion to enhance
system stability and minimize false positives [9], [10]. In a
continuation of these results, the proposed project integrates
Al-based visual recognition with a YOLOvVS model running
on a Raspberry Pi with several auxiliary sensors Furthermore,
an Arduino microcontroller is utilized as an auxiliary device
to acquire the data from the sensors and send it to the
Raspberry Pi, thus enhancing system modularity and
efficiency . These include an air quality sensor to detect
changes in cabin air composition caused by human respiration,
a human presence sensor in a human form with the capability
to recognize human presence without necessarily movement
being detected making it more dependable as compared to the
traditional human presence motion sensor (PIR) in closed
vehicle settings, and a DHT11 temperature and humidity
sensor to monitor the conditions in the cabin. It is a multi-layer
verification method that improves the accuracy of detection
and consumes low power that is applicable in embedded edge
computing systems.

The proposed system is designed as an artificial
intelligence-based embedded system capable of continuously
surveilling the inside of a parked car after engine has been
turned off. The central processing unit is a Raspberry Pi,
connected to a camera module to take pictures of the cabin and
analyze them with a human detector trained on a base of
YOLOVS object detection model with OpenCV (cv2). When a
person or a child is detected, the system triggers several
verification sensors, including a human presence sensor which
works on radar technology to identify the presence of a human
being inside the vehicle even when the child is asleep without
making any noticeable movement, an air quality sensor to
monitor the change in cabin air composition linked with
people presence and a DHTI11 temperature and humidity

sensor to measure the environmental conditions. Multi-
channel alert system follows multi-sensor validation when the
presence of human beings is confirmed, i.e. audible alarms,
flashing warning lights and internet-of-things enabled mobile
notifications. This multi-tiered verification system offers
many advantages over single-sensor systems in that it greatly
improves the detection rate and reduces instances of false
alarms. Furthermore, an intermediate device (Arduino
microcontroller) is used for the acquisition of sensor data.
Arduino is connected to all the environmental sensors, and it
processes and sends the sensor data to the Raspberry Pi via
serial communication. This will make the system more
modular and decrease the processing load of the Raspberry Pi.

The project aim is as follows. This project seeks to
establish and deploy a smart child life detecting and rescuing
system via an artificial intelligence system that can
autonomously detect the presence of a child in a parked car
through a computer vision and sensor fusion and then activate
an alert system to stop instances of child death. The specific
objectives of the work are: (i) Integrate an air quality sensor,
human presence sensor (PIR), and DHT11 temperature and
humidity sensor to support visual detection and reduce false
alarms. (ii) Install a real time alarm system which will give
audible alarms, visual signals and IoT enable mobile signals
when the human presence is detected. (iii) To detect human
presence inside the vehicle using a PIR Human Presence
Sensor and trigger an alert whenever human presence is
detected. (iv) To monitor temperature and humidity levels
inside the vehicle using a DHT11 sensor and display the
readings on the monitoring dashboard. (v) To monitor air
quality inside the vehicle using an MQ135 gas sensor and
provide environmental condition information through the
dashboard. (vi) To develop a real-time dashboard for
displaying camera feed, sensor readings, notifications, image
capture, and video recording functions.

II. RELATED WORK

Surveillance of children in closed cars has been a popular
topic of research as the cases of injuries related to heatstroke
in cars continue to rise. Multiple research papers have come
up with solutions based on sensors, Internet of things (IoT),
and smart detection algorithms. The literature review analyzes
the available methods, strategies, constraints, and technologies
that have helped in formulating the child rescue systems
within vehicles. The review covers five scholarly works in
journals and international conferences dealing with human
detection, embedded safety systems and sensor fusion
applications. The aim is to comprehend the current research
condition and find out gaps that can justify the proposed
approach to this project.

There are three broad directions of previous studies (i)
systems based on physical and environmental sensors,
including temperature, humidity, and air quality sensors, (ii)
systems based on IoT and microcontrollers, remote alerting,
and (iii) systems deployed based on computer vision and Al-
based classifiers, child recognizing in vehicles. Although
sensor-based methodology is a good method at identifying the
environmental risks, it cannot verify the existence of a living
child and often causes false alarms. In the meantime, computer
vision techniques have been demonstrated to be very accurate
with humans but can only be ineffective in low light or when
partly obscured. The latest developments in deep learning and
especially the YOLO (You Only Look Once) algorithm have
been successful in providing high precision, low
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computational cost, and real-time detection to be used on
embedded applications like Raspberry Pi. [5], [11], [12].

A. Visual-Based Children and Pet Rescue from Suffocation
and Hyperthermia in Enclosed Vehicles

This paper introduces an intelligent rescue system based
on a vision that is developed to identify children and pets
abandoned in parked cars. The suggested system is based on
lightweight deep learning object detector models, such as
different versions of YOLO and NanoDet, and optimized to
run on embedded systems in real-time. To create the special
in-cabin dataset, the authors took videos under practical
conditions of the vehicle, such as changes in lighting, the
camera angle, and seating arrangements, and partial
obstructions. The augmentation of data was done with the help
of brightness adjustment, rotation, and simulation of an
occlusion to improve the robustness of the trained models. The
system architecture will include the in-vehicle camera which
is linked to an embedded processor that will handle the
continuous monitoring and send an alert in case of detection.
[13]. It was experimentally determined that the optimized
YOLO-based models had high detection accuracy, precision
and recall rates and these demonstrated reliable real-time
performance in the confined vehicle cabins. The findings
proved that visual detection would be able to identify children
and pets in normal light conditions and moderate occlusion.
The built deployment was practical, and acceptable inference
latency and power usage, so the strategy is applicable to in-
vehicle safety. Although these were encouraging findings, the
authors have also pointed out some of the limitations of a
vision-only process. The performance of the system was poor
in case of extreme occlusion, low light and shadow cases.
Also, non-living things like bags, dolls or child seat were
sometimes misclassified as children, which resulted in false
alarms by the visual models. These constraints minimize the
reliability of the system in the real life where the
environmental conditions cannot be controlled. To overcome
these challenges, the authors suggested that more sensing
modalities need to be incorporated to ensure that life presence
is verified as well as false positives are minimized. The current
project is embracing this suggestion directly by integrating
YOLO/CNN-based visual detection with environmental
sensors, including a human presence sensor (PIR), an air
quality sensor for breathing-related changes, and a
temperature—humidity sensor. Such a multi-sensor fusion
approach enhances the reliability of the detection process, and
only under the response of a human presence is ensured.

B. WiCPD — Wireless Child Presence Detection System for
Smart Cars

The paper presents a child presence detection system based
on Wi-Fi Channel State Information (CSI) and is wireless in
nature. The system records micro-motions and respiration
patterns due to breathing of a child. CSI signals are converted
to spectrogram-related features and processed by machine
learning classifiers to differentiate between human presence
and inanimate object. The solution does not use cameras, as it
takes into consideration the issue of privacy. [14]. This system
has been able to achieve over 95 percent detection rates in
controlled car settings where not only moving but also
sleeping children were also detected. These findings indicate
that wireless sensing will be able to record vital signs without
the need to have line-of-sight or visual information. CSI-based
sensing is very sensitive to environmental noise, multipath
reflections as well as variations in cabin materials. In the real-

life situation where ventilation airflow or signal interference
occurs, performance is likely to deteriorate significantly. The
technique does not also possess the capability of visualizing
the object detected. The authors propose to use CSI sensing
with vision-based Al or environmental sensors such as air
quality and temperature—humidity sensors. to enhance
robustness and minimize the noise-related false detections.
Follow-up work by the same group has since improved
robustness of WiFi-based detection under unfavourable cabin
conditions [15], [16].

C. BSENSE — In-Vehicle Child Detection and Vital-Sign
Monitoring Using a Single mmWave Radar and
Synthetic Reflectors

This article provides the BSENSE which is an in-vehicle
child and vital-sign monitor system that is powered by a single
mmWave radar and synthetic reflectors. The system uses the
Frequency-Modulated Continuous Wave (FMCW) radar
technology to acquire micro-Doppler signatures created due to
breathing of human beings. Strategically located synthetic
reflectors are also used in the vehicle cabin to enhance the
reflectiveness of radar and its coverage to the various seating
areas. Improved signal-processing methods are used to isolate
breathing signals in a noisy radar signal enabling the system
to understand that a living child is present even when the body
is partly or fully covered, e.g. under blankets or under seats.
The strategy is based on radar sensing to eliminate privacy
issues with camera-based systems. [17]. Experimental
analysis showed that its accuracy of detection was over 95
percent in determining the presence of a child and estimating
respiration rates in different scenarios of occlusion. The
system was found to be consistent in various seating
arrangements and lighting conditions which proved that radar-
based sensing is resistant to visual obstructions. The error in
the breathing rate estimation was also acceptable, meaning
that radar sensing of vital signs was possible in a closed
vehicular setup. Although the BSENSE system is strong in the
ability to detect vital signs, it does not have the capability of
identity discrimination. The radar can detect the existence of
living object but cannot be sure of the object is a child, an
adult, or a pet. As well, the system performance may be
influenced by the vehicle vibration and positioning of the
radar. Depending on artificial reflectors brings complexity to
its installation that can be a barrier to its application in
commercial vehicles on a large scale. The authors propose the
combination of Al detection in a visual way or environmental
sensors with radar sensing to increase identity verification and
decrease misclassification. It is also suggested to improve the
algorithms of vibration compensation and strategizing radar
location. Such improvements would allow a more robust and
thorough child detection system that can be used in practice.
Radar-based sensing is suitable in terms of vital-sign
detection, whereas it is less applicable on low-cost embedded
systems because of its complexity and high cost.

D. Vehicle Occupant Detection Based on mmWave Radar

This paper suggests a car occupant sensor based on MIMO
FMCW mmWave radar to produce high-resolution range
azimuth heatmap of the car interior. These heatmaps are used
by deep learning models to identify occupants using spatial
and motion characteristics. The system is made to work
without cameras, and it deals with privacy issues and allows it
to work in lowlight or even in non-light conditions. The radar
scan is constantly performed on the cabin to identify the
presence of occupants and identify adults and children. [18].
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The proposed system had a high classification accuracy in
controlled experimental conditions, which were able to
recognize occupants and differentiate between adults and
children. The radar-based solution proved to have a high
degree of resistance to lighting conditions, and the sitting
posture, and this may emphasize the capability of the radar-
based solution as an effective camera-free detection method.
Deep learning-based classification was feasible on the
generated heatmaps which have adequate spatial data. The
system was mainly tested in controlled laboratory- and test-
vehicle-based conditions, which restricted its applicability to
real-life conditions. It was noted that performance deteriorated
with the introduction of vehicle vibrations, dynamic
background motion and the use of different materials in the
cabin. Besides, the radar is able to detect the presence of an
object but not the vital signs, thus causing false positives when
dealing with inanimate objects but with reflective surfaces.
The authors suggest using radar-based detection with the
addition of other sensory modalities, e.g., visual Al models or
environmental sensors such as air quality sensors and
temperature—humidity sensors to enhance life verification. to
enhance the reliability of detection and life verification. It is
also proposed to expand testing to different types of vehicles
and real-world parking conditions to enhance the levels of
robustness and readiness to deploy. Comparable volume-
based occupancy approaches report the same sensitivity to
cabin multipath reflections [19].

E. Preliminary Studies on mm-Wave Radar for Vital-Sign
Monitoring in Vehicular Environments

In this paper, the researcher examines the possibility of
implementing mmWave radar technology in monitoring
human vital signs- i.e. respiration and heartbeat- within the
real vehicle cabins. The experiment investigates how
vibrations in cars, the position of seats, and the position of
radar affect the quality of signals. Signal-processing methods
are used to derive physiological measurements of radar
reflections and concentrate on the identification of periodic
chest motions related to breathing and heartbeat. [20].

According to the findings of the experiment, under
different seating and positioning, respiration signals were
clearly observed. Nevertheless, the error rates were higher in
heartbeat detection because of noise and vibration of the
vehicle and the influence of reflective surfaces. The
experiment established that mmWave radar has high potential
as a privacy-sensitive life-sign detector sensor in the
automotive setting. The major weakness that is observed is
that radar signals are sensitive to vibration and noise in the
environment thus greatly interfering with the accuracy of
heartbeat detection. The system is also not contextually aware
and does not recognize identity, and therefore, it cannot be
used as a complete solution to detecting children. Also, the
research was exploratory and lacked extensive testing and
integration with other sensing technologies.

The author recommends the use of sophisticated vibration
mitigation and filtering measures to enhance the stability of
the signal. Moreover, the author recommends integrating radar
sensing with air quality sensors, human presence sensors
(PIR), or camera-based Al detection to ensure life presence
verification and improve overall system reliability. Similar
conclusions are reached by unobtrusive pressure- and seat-
based respiration monitoring studies [21], [22] and by
distributed acoustic sensing in the car cabin [23].
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In the literature review, it is noted that despite major
research efforts that have been done on child safety detection
systems, the current solutions are still limited in detecting,
reliability, and real-time capabilities. The gap cited justifies
the necessity of a hybrid model that integrates deep learning
(YOLOVS8) with environmental sensors fusion to create a
stable embedded system that will help to avoid child deaths in
parked cars. The experience of the works has directly
influenced the technical choices in this project, such as the
selection of YOLO to use in the detection, Raspberry Pi to use
in the edge-computing, and the application of multi-sensor
verification to enhance the accuracy of the work.

III. METHODOLOGY

A clear methodology is necessary to accomplish the
project within the scheduled time and fulfil the necessary
specifications. It provides an organized way of planning,
designing, implementing, testing, and validating the solution,
and ensures that the completion of each activity is achieved
before proceeding to the next stage. A systematic
methodology minimizes development risks and ensures that
system requirements, design deliverables, testing procedures,
and final assessments are traceable throughout the project
lifecycle [8].

Projects in engineering and embedded systems can be
developed using several methodologies, including the
Waterfall model, V-Model, Agile methodologies, Scrum
approach, the Critical Path Method (CPM), and hybrid models
[24]. The Waterfall model follows a strictly sequential and
linear process in which testing is performed only after the full
system implementation, making it unsuitable for safety-
critical systems where early error detection is essential. Agile
and Scrum methodologies support iterative development and
continuous feedback; however, they are more suitable for
software-based projects and are less appropriate for embedded
systems that involve hardware integration and require stable
requirements and structured verification processes. In
addition, CPM focuses mainly on project scheduling and task
dependencies rather than system development verification and
validation and therefore cannot be applied as a standalone

methodology for this project. In contrast, the V-Model, also
referred to as the Verification and Validation model, explicitly
associates each development stage with a corresponding
testing phase, making it particularly suitable for safety-critical
applications that require high accuracy and real-time
validation.

It's especially useful for systems that integrate both
hardware and software, such as using an Arduino for
collecting sensor data and a Raspberry Pi for processing the
Al algorithms. The V-Model methodology is chosen for this
project as it enables early identification and correction of
design faults and ensures that every stage in the development
process has a corresponding testing activity. This is
particularly important since the project involves safety-critical
processes, such as detecting the presence of a child inside a
parked vehicle and initiating immediate emergency alerts.
Furthermore, the V-Model supports continuous assessment of
system performance, reliability, and accuracy throughout the
development lifecycle, ensuring that the proposed solution
meets the required safety and functional specifications.

In this project, the V-Model approach is used to give a
systematic way of developing the child detection system. It
has two major sides with the right side being testing and
validation and the left one being definition and design. Both
bottoms of the model are joined by implementation.
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Fig. 1. Detailed V-Model flow diagram showing the stages of development
and validation in the proposed system

IV. SYSTEM DESIGN AND ARCHITECTURE

It is all about system analysis that is concerned with having
a clear picture of how the entire system acts. The system is
divided into functional units and then demonstrate how each
of the units communicates to achieve the targets that we set.
The review covers a system block diagram and a flow chart
that could help to demonstrate the plan as well as step-by-step
functionality.

A. System Block Diagram

The system block diagram illustrates the key functional
units of the proposed Al-Based Smart Child Life Detection
and Rescue System and their interaction with each other to
provide reliability to detecting the presence of a human being
in a parked car. It concerns itself with functional operations
and not with individual hardware components in accordance
with system-level modeling principles. The sensor data is
collected using an Arduino microcontroller which acts as the
interface between the sensors and the Raspberry Pi and
transmits the data to the Raspberry Pi via serial
communication.
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Al-Based Smart Child Life Detection and Rescue System
(System Block Diagram)
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Fig. 2. System Block Diagram of the Al-Based Smart Child Life Detection
and Rescue System

In general, The system is activated if the engine OFF signal
is detected and it continuously checks the vehicle cabin with
computer vision and the surrounding sensors, and from that
time it constantly observes the car cabin with the help of a
combination of computer vision and environmental sensors.
The primary functional blocks are stated below:

1. Image Acquisition and image Processing Block: This unit
captures in-cabin photos and performs basic preprocessing,
including resizing, filtering and formatting, to prepare the
photos for the Al detection model. It provides constant
internal surveillance.

2. Al Detection Block: In this case, the central decision-
making is performed based on a YOLOv8 deep-learning
model. Processed images are verified on either a human or
a child. In case of no presence, the system remains on
standby, and in case of any indication of presence, sensor-
based verification phase is activated.

3. Sensor Activation and Data Acquisition Block: The block
continuously reads the data from the Human Presence
Sensor (PIR), Air Quality Sensor, DHT11 sensor and
Engine On/Off signal using the Arduino microcontroller.
It collects information about movement, air quality and
temperature-humidity. Those readings give additional
hints of movement; changes of air related to breathing and
cabin conditions to verify life.

4. Decision-Making and Sensor Fusion Block: This block
combines all the sensor data that is activated. A decision
logic compares the readings of the combination to confirm
a living human. Fusion reduces false alarms due to false
identifications or false noise.

5. Alarm and Notification Block: Once human presence is
confirmed, this component emits alerts audible alarms,
visual warnings, and mobile notifications, in order that the
driver, people around, or guardians receive the warning.
The multi-channel strategy ensures that it responds swiftly
in times of crisis.

6. Standby and Continuous Monitoring Block: The system
returns to the standby mode after an alert has been sent, or
the absence of a human. It keeps on observing till the cabin
is proved safety secured so that there is constant protection.

Concisely, the figure depicts a layered intelligent detection
system comprising of Al coupled with environmental
detection and verification, which results in an effective and
reliable child-life detection system that can be deployed in
safety-related applications of automobiles. This layered

arrangement is consistent with in-cabin monitoring
architectures reported in the literature [10], [24].

B. System Flowchart

The system flow chart illustrates the complete operational
sequence of the proposed Al-Based Smart Child Life
Detection and Rescue System. It visually represents the flow
of data, decision-making processes, and actions performed by
the system from start to end using standard flowchart symbols
such as rectangles (actions), diamonds (decisions), terminators
(start/end), and arrows (process flow).
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Fig. 3. Flowchart of the Al-Based Smart Child Life Detection and Rescue
System

All the environmental sensors (human presence motion
sensor (PIR), air quality, temperature and humidity) have been
represented as decision nodes (Yes/No) in the updated
flowchart rather than primitive blocks of the process. This
design decision is since the sensor can be uncertain about
whether to sense presence at any point in the real-world. As
such the system does not depend on one sensor or even the
necessity of all the sensors operating at the same time. Rather,
sensor fusion strategy based on majority is put in place to
enhance reliability and minimize false alarms.

C. Summarising the Key Parameters

The hardware prototype involved in this project is the
combination of Raspberry Pi, Arduino Nano, camera module,
air quality sensor (MQ135), human presence sensor, LED
indicator and buzzer alarm which are used to detect and
monitor real-time air quality inside the vehicles containing a
child.

Arduino Nano is adopted as the sensor data acquisition
unit, which is able to receive the reading results of the
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environmental sensor, and then upload the reading result of the
environmental sensor to the Raspberry Pi via UART serial
communication. The YOLOVS object detection model with
OpenCV (cv2) is used to do Al processing and the decision
making and alert system is operated by Raspberry Pi. The
choice of a compact YOLOVS variant for CPU-only edge
inference follows the trade-off between accuracy and latency
established for Raspberry Pi deployments [8].

V. IMPLEMENTATION AND RESULTS

In this chapter, the proposed Al-Based Smart Child Life
Detection and Rescue System is simulated, tested and
implemented. Analysis and comparison of system
performance and operational characteristics with the designed
value is done. This chapter aims to confirm that the proposed
system meets the project objectives and can function with
varying environmental conditions.

The developed system integrates artificial intelligence,
computer vision, environmental sensing, and sensor fusion
technologies to identify the occupancy of a vehicle within a
parking lot and trigger an alarm during a vehicle's parking
time. The testing process involves checking the accuracy,
response time, energy consumption, reliability, and
functionality of the system components at both the simulation
and implementation phases.

The results obtained are also compared to other related
studies discussed in literature to check the conformity and
deviations in the proposed system. Analysis of the results
highlights how the proposed implementation helps to achieve
the project goals and increase child safety within parked
vehicles.

The main functional units of the proposed system were
tested through simulation and prototype implementation to
assess the performance. During the testing process, the
following will occur: hardware testing, software testing,
sensor verification, serial communication testing, Al detection
testing and alert system testing.

Fig. 4. Hardware Prototype of the Proposed System
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Fig. 5. Schematic Diagram of the AI-Based Smart Child Life Detection and
Rescue System

The system has been successfully integrated with the use
of Raspberry Pi, Arduino Nano, Environmental sensors and
Camera module. The dashboard interface worked as expected
and provided real-time monitoring data.

2 Gas Lavel Monitor

& 5ystom Alerts

= g
Fig. 6. Dashboard of the Implemented System

The system has been successfully integrated with the
MQ135 air quality sensor, human presence sensor PIR and
DHTI11 temperature and humidity sensor. During monitoring
operation, the dashboard showed the real-time environmental
reading such as temperature, humidity, gas level and motion
status.

2 Gas Lavel Monitor

Fig. 7. Real-Time System Monitoring and Alert Notification

The MQI135 gas sensor is able to monitor the air quality
inside the vehicle environment successfully. The sensor
measured the gas level as ~689.0 during testing, which was
higher than the preprogrammed value. In response to this, the
system automatically issued a ‘High Gas Level Alert'
notification on the dashboard to alert the user of the abnormal
environment. All of the gas reading data was continuously
displayed in the monitoring dashboard along with a real-time
graph of gas level, which showed effective environmental
monitoring and alert generation.
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The proposed system was simulated to verify the operation
of the hardware and software components before the system is
put into practice. The simulation was primarily concerned
with: sensor operation, Arduino serial communication, alert
activation, decision-making logic and environmental
monitoring.

The following table summarizes the design, simulation and
implemented values recorded at the defined test points.

TABLE II. SUMMARY OF SELECTED TEST CASES
Test Design | Simulation | Implemented .
Point Value Value Value Observation
TP - . HD Clear HD Clear HD Camera
Camera image image image operated
Test capture g g successfully
TP2 — Al Accura dI;I; I;t?:n
Detection cy 88% 90% .
achieved
Test >85%
successfully
TP3 —PIR HIGH HIGH ) Human
Human signal sional HIGH signal presence
Presence detecti & detected detected
detected
Sensor on successfully
TP4 -
5 Stable
DHTII 20 OC7 32°C 33°C temperature
Temperat 50°C
measurement
ure
Ez‘r‘n;di ¢ 20— Stable
Y| 90% 55% RH 57% RH humidity
Measurem
RH measurement
ent
TPS — 0-1000 Air quality
MQ135 m 780 ppm 800 ppm changes
Air pp detected

Quality
Sensor
TP6 —
Arduino Correct Sensor data
Correct Correct .

Data sensor readin readin acquired
Acquisitio | reading g g successfully
n
TP7 —
UART 9600 Stable Stable No packet
Serial baud communica | communicatio loss
Communi rate tion n observed
cation
TPS — TRUE/ Sensor

.. FALSE Correct . fusion
Decision . Correct logic

. evaluat logic operated
Logic .

ion correctly

TP9 — <3 Alert
Alert second | 2.5 seconds 2.8 seconds activated
Activation s successfully

The results of the simulation and implementation show
that the proposed Al Based Smart Child Life Detection and
Rescue System is reliable and efficient under normal
environmental conditions.

The use of Al image processing in conjunction with
environmental sensor fusion achieved much better successful
detection rates than those reported in previous literature that
relies only on a single sensor. To avoid false alarms due to
lighting changes and environmental conditions, the Human
Presence Sensor and MQ135 Air Quality Sensor was included.
The adoption of Arduino Nano allowed to increase acquisition
stability of the sensors and decrease processing load on the
Raspberry Pi. During the test, UART serial communication
was stable, and no data loss and communication delay were
observed.

A. Measurement of System Characteristics and
Performance

To evaluate system performance, several parameters were
measured and analysed, as summarized below.

TABLE III. MEASUREMENT OF SYSTEM CHARACTERISTICS AND

PERFORMANCE
Parameter Obtained Value
Detection Accuracy 90%
Alert Response Time 2.73 sec
Power Consumption 5.98 W
False Alarm Rate <10%
UART Communication Stable
System Reliability High

B. System Validation

Validation of the system was carried out to ensure that the
proposed system meets the project objectives and functional
requirements as designed. The validation steps covered Al
human detection testing, environmental sensor verification,
sensor fusion evaluation, real-time alert testing,
communication testing and environmental condition testing
under normal lighting, low-light conditions, different
temperature levels, varying cabin humidity and the presence
or absence of humans.

TABLE IV. SYSTEM VALIDATION RESULTS

Requirement Validation Result

Detect human presence inside vehicle

Successfully validated

Al-based YOLOVS detection

Successfully validated

Sensor fusion operation

Successfully validated
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Alert generation successfully validated
Real-time monitoring
UART serial communication stability
Environmental sensor integration
validated

The proposed system was validated with hardware and
software test successfully. During testing, Raspberry Pi,
Arduino Nano, camera module, PIR sensor, MQ135 sensor,
DHT11 sensor, LED indicator and buzzer alarm showed that
they were working properly. All the functions of the
dashboard to show the live camera feed, readings from the
sensors, notifications, capturing images from the camera, and
recording the video are working well. The system was shown
to be reliable in terms of monitoring and alerting suitable for a
prototype child safety monitoring system.

Successfully validated
Successfully validated
Successfully validated
Successfully validated

VI. CONCLUSION

The goal of this project was to design and plan an Al-based
Smart Child Life Detection and Rescue System to be
implemented in parked cars to reduce the risk of heatstroke
and suffocation incidents inside parked vehicles. The main
aim was to come up with a dependable, inexpensive and
convenient answer to this problem by integrating artificial
intelligence with environmental sensing methodology to
identify humans within a closed car.

During the process of planning and design, a lot of
experience was acquired in system integration, embedded
system design, sensor-based verification, and Al-based image
processing. The project was able to establish a complete
system architecture whereby it combines camera-based human
detection using the YOLOv8 model with environmental
verification and Arduino-based sensor data acquisition (via a
DHTI11 temperature-humidity sensor and an air quality
sensor). These sensors were chosen following practical
considerations of constraints, accuracy and environmental

quality.

At the design stage, there was a first thought of the
application of CO 2 and thermal sensors. Nevertheless, owing
to feasibility study and environmental influence, these sensors
were substituted. The thermal sensors were also discovered to
be inaccurate in a vehicle setting because in the cabin,
temperatures were very high and would have a false signal for
human beings. Likewise, the CO 2 sensors were substituted by
an air quality sensor to give a more realistic signal of the
alteration in air conditioning that is observed with the presence
of humans. DHT11 sensor was implemented to check the level
of temperature and humidity because these are the main
indicators of a potentially unsafe environment in a car with a
child.

The project has also met the intended goals of the current
phase, such as the design of system block diagram,
development of flowcharts, analysis of the requirements, and
validation of the system-level design. The suggested system
will focus on sensor fusion at a reduced cost relative to false
alarms and implementation.

To sum up, the project shows that Al and environmental
detection are a well-organized and viable way to increase the
safety of the child in a vehicle. The design choices undertaken
at this phase make it accurate, robust, and applicable in the real
world without compromising the project constraints and goals.
The outcome is consistent with the direction indicated across
the reviewed literature, in which single-modality detectors are
progressively replaced by fused, verification-based
architectures [9], [25].

VII. FUTURE WORK

There are some improvements that can be made to the
proposed system in the future:

First, do low-light detection by using infrared or night-
vision cameras. Second, use more accurate environmental
sensors to replace DHTI1. Third, install separate CO:
detectors to better detect breathing. Fourth, take advantage of
Al acceleration hardware for faster inference.

Further enhancements include the following. Introduce
cloud-based monitoring and data logging. Include GPS
location tracking in cases of emergency. Enhance water-
proofing and automotive-grade protection. Install battery
back-up for power outages. Optimize power using interrupt-
driven programming.

Beyond these, the integration of complementary contact-
free sensing modalities reported in recent literature —
millimetre-wave radar for vital-sign confirmation [17], [19],
WiFi channel-state sensing [14] and distributed acoustic
sensing [23] — would allow the verification layer to confirm
life presence rather than motion alone, which remains the
principal limitation of the current prototype.
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Abstract — Skin cancer has become a nightmare that haunts
most individuals in society, as statistics on deaths caused by this
disease cause fear in the hearts of the public. However, early
detection of this disease leads to a high probability of recovery
in most places. It is difficult to conduct periodic examinations to
detect skin cancer, especially in rural and non-urban areas in
the Sultanate of Oman, especially due to the intense sunlight and
the high percentage of ultraviolet radiation, there is a greater
possibility of contracting this disease. Therefore, in this research
study, a skin cancer examination system based on artificial
intelligence, deep learning and processing of skin images was
designed and implemented on a local processing platform,
Orange Pi 4 Pro. The proposed system uses a CNN neural
network based on the MobileNet V2 model to classify skin lesion
images into benign and malignant categories. A set of 7,211
images were selected for the examination, divided into training
data comprising 75% of the total images and test and validation
data comprising 25%. In the data preprocessing stage, the image
size was standardized to 224 x 224 pixels, preserving three
primary colours RGB, resulting in an overall image size of 224
X 224 x 3 pixels. After training the model, it was converted to
TensorFlow Lite to reduce its size and minimize processing
power, allowing it to run on Orange Pi4 Pro devices without
needing to send image data to a cloud processing platform. To
provide a comprehensive system, the implemented system
integrates a USB camera for image capture and a user-friendly
graphical interface that guides users through the system without
expert intervention. During the training phase, the system
achieved accuracy exceeding 90%, and the average response
time to inferences on the proposed processor was less than 300
milliseconds. The model demonstrated high robustness and a
high capacity for detecting injuries during testing, with a very
low probability of error, while maintaining a low cost. However,
it is important to note that this system is still in the testing phase
and currently provides decision support, not a final decision.

Keywords — Skin cancer screening; MobileNetV2;
convolutional neural network; TensorFlow Lite; edge inference;
dermoscopic imaging; embedded AI
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[. INTRODUCTION

This research study is mainly around technology and
medicine at the junction of Artificial Intelligence (AI) and
Machine Learning (ML) plus the medical field of imaging.
The research is aimed at dermatology diagnostics through the
utilization of computer vision techniques. Al-based medical
diagnostic methods are newly evolved where the algorithms
thoroughly examine the medical images to find the anomalies
that are very hard to miss. Among others, skin cancer,
particularly melanoma, is the deadliest form of cancer as it
overgrows very fast. The detection done by this system in its
carly stage has a very significant impact on the patient's
survival chances. The conventional ways of diagnosis depend
on visual inspection and biopsies which are lengthy processes
and need the skills of a doctor [1].

Oman is contemplated as having a high priority regarding
cancer prevention. The Oman Cancer Association (OCA) was
founded in 2009 with the keenest backing of the late Sultan
Qaboos. The OCA helps cancer patients and wants to have its
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facilities all over the Sultanate. It also seeks to expand its
activities to all Gulf Cooperation Council (GCC) countries,
clearly demonstrating the growing commitment to combating
this disease and limiting its spread. The OCA acknowledges
the difficulty of reaching all individuals, especially in rural
areas and those far from urban centres. It is working on such
projects to reach these areas, most notably the mobile breast
cancer screening unit. This unit is a vehicle equipped with
advanced medical equipment for the early detection of breast
cancer.

Skin cancer is one of the most common and potentially
life-threatening types of cancer worldwide. Recent estimates
indicate that there are approximately 132000 new cases of
melanoma and more than 3 million nonmelanoma skin cancers
are diagnosed annually [2]. Melanoma is less common spread
but responsible for most skin cancer deaths because of its high
metastatic potential and late detection.

Early detection of skin cancer improves the survival rate
with a S5-year survival probability exceeding 95% when
detected in early stages [2]. However, in many regions,
especially developing countries, limited access to
dermatologists and diagnostic facilities leads to delayed
detection and poor patient outcomes. Traditional methods for
detecting skin cancer rely primarily on clinical examination
and observation of the skin under microscopic instruments that
allow for clear visualization of skin layers and identification
of malignant or benign skin cancer [3]. However, even these
methods do not provide 100% reliable results because they are
subject to human bias and variations in experience among
physicians [4].

Given the potential for human error and the margin of error
inherent in human judgment, attention has turned to artificial
intelligence and deep learning models for analysing skin
images, identifying injuries, and classifying them. In many
instances, these advanced Al tools have demonstrated
accuracy surpassing that of physicians in analysing cases [1].

The use of Al in dermatology has been revolutionized by
CNN which can automatically extract hierarchical image
features and classify lesion types with high accuracy. Al
Models such as EfficientNet have demonstrated exceptional
capability in image classification tasks and particularly in
medical imaging [5] [6].

The models used in this system are trained on large scale
dermoscopic datasets which is International Skin Imaging
Collaboration ISIC have achieved classification accuracies
exceeding 90% in distinguishing between benign and
malignant lesions [7]. The dataset used in this research work
was obtained from the International Skin Imaging
Collaboration (ISIC), which provides dermoscopic skin lesion
images for research, education, and Al model development.
These images are suitable for training and evaluating deep
learning models for benign and malignant skin lesion
classification.

Most Al based systems used in real life require high
performance computing resources and are implemented as
cloud-based platforms which may not be available in low
resource computers which are available in homes or clinics but
the great developments in embedded systems and edge
computing such as the Orange Pi 4 Pro have made it possible
to integrate Al models into compact and low-cost systems
which most available in clinics and users home. Orange Pi 4
Pro can deal with complicated input like high resolution

cameras and execute pretrained deep learning models locally
enabling offline skin cancer detection in clinics or urban areas
[8]. This offers a great and accessible solution for early skin
cancer detecting [8].

Furthermore, using a dermatological imaging system with
an Orange Pi 4 Pro to capture detailed images of lesions
directly from patients, and integrating this with a graphical
user interface (GUI), allows healthcare providers to directly
access, analyse, and visualize the results. The incorporation of
high-resolution cameras equipped with dermal lenses not only
results in better quality of medical services but also decreases
the likelihood of mistakes made by humans and improves the
quality of images. Moreover, the system can send de-
identified patient data to cloud storage for remote research or
evaluation by specialists, therefore, pushing healthcare to a
new level with the utilization of state-of-the-art technology.
[9]. In this research study, the main goal is to develop and
install a system that is low-cost and powered by Al for early
screening. The system consists of an Orange Pi 4 Pro that is
linked to a high-resolution camera for taking pictures of skin
lesions. A deep learning model that has been trained on an
ISIC dataset will process these images. The model will be
trained by splitting the dataset into two subsets: 75% of the
images for the training set and 25% for the test set. This split
will include all types of lesions.

The proposed system intends to provide easy access to skin
disease screening support and at the same time, creates a
foundation for extensive telemedicine applications with the
help of low-cost devices and an Al model. The suggested
system hence connects the sophisticated medical diagnostics
with the underprivileged neighbourhoods where people with
skin diseases live. The system is therefore in line with the
world-wide aim of utilizing technology for early detection,
therefore lessening the mortality rate, and enhancing the
patients' outcomes in the dermatology sector.

The aim of this research study is to design and implement
an Al-based embedded skin cancer screening system using
MobileNetV2, dermoscopic image processing, and an Orange
Pi 4 Pro platform to classify skin lesions as benign or
malignant and display the result through a graphical user
interface.

The specific objectives are: (i) To preprocess dermoscopic
skin lesion images from the ISIC dataset by resizing,
normalizing, and augmenting them to 224 x 224 x 3 for CNN
training. (ii) To train and test a MobileNetV2-based CNN
model for benign and malignant skin lesion classification and
achieve approximately 90% classification accuracy. (iii) To
convert the trained model into TensorFlow Lite format and
deploy it on an Orange Pi 4 Pro embedded platform for offline
inference. (iv) To design a GUI that displays the predicted
class confidence score and heatmap which represent a visual
explanation for the input image. (v) To validate the system
using test real images captured in real time under different
lighting conditions and compare simulation and hardware
results. (vi) To compare the prototype performance with
related work using variables, include accuracy, reliability,
latency, and embedded deployment capability. (vii) To
analyse system characteristics including image resolution,
inference latency, accuracy, reliability, power requirements,
safety, and ethical constraints.

40



A. Applications and Limitations

The proposed system, which uses artificial intelligence to
process images for classification and identification of benign
or malignant skin lesions, has numerous applications,
including in education, scientific research, and healthcare. In
healthcare and medical examinations, the system supports
dermatologists and other healthcare professionals in making
informed decisions about injuries by providing preliminary
examination results of camera-captured skin images. It also
helps prioritize cases requiring further medical attention by
displaying a confidence level in each case, especially in
situations demanding rapid decision-making, such as
overcrowded medical centres. The system's low cost and
portability are significant advantages, making it suitable for
use in remote areas that may lack medical services, specialized
dermatologists, and advanced diagnostic tools.

The system may misclassify blurry, low-resolution, or
poorly focused images. Strong shadows, overexposure, and
uneven lighting may affect classification accuracy. The model
is limited to 2 classes including benign or malignant
classification and does not identify all skin disease categories.
The system is trained on dataset images and requires further
clinical testing before medical use. The only other limitation
is that the developed model is a diagnostic tool and a decision
aid for the physician, and it does not replace a dermatologist.
It should also be noted that performance decreases with skin
tones or types of skin lesions that are not adequately
represented in the selected dataset. There are also limitations
related to performance, as the Orange Pi 4 pro device has
limited processing power compared to GPU based systems.

II. RELATED WORK

This section is dedicated to conducting a literature review
and critical analysis of previous research completed within the
framework of the proposed system. This process is one of the
most important activities associated with  system
implementation, as it provides the researcher with a clearer
vision and a solid background regarding the completed
system, its components, and the weaknesses of previous
research to avoid them, as well as the strengths to be reinforced
in the current system.

A. Cancer Detection Using Artificial Intelligence in Early

Diagnosis

The researcher conducted a study highlighting the
importance and role of artificial intelligence in medical
decision-making and providing support to physicians to
perform optimal medical practices and detect clinical
symptoms that humans might miss without extensive medical
experience. The study focuses on cancer-related medical
decisions through the analysis of photographic, endoscopic,
and radiological images. Artificial intelligence possesses high-
precision image processing, high-speed performance, and the
ability to distinguish information in images better than the
human eye because it processes pixels digitally and easily
detects even minor anomalies in symmetry, prompting
physicians to pay attention to these details. Therefore, these
results are promising in this field and can be further improved
and developed. Most of the observed problems stemmed from
the training of the Al model. The limited number of images,
insufficient training, and the multiple models used for training
clearly led to a decrease in performance when using new,
untrained images [10].

B. Al in Oncology: Machine Learning and Deep Learning
Applications

The researcher explains the shortcomings associated with
traditional methods in detecting cancer, often only after the
disease has progressed and in late stages. He details the
weaknesses associated with traditional methods and the
importance of using artificial intelligence systems to
overcome these shortcomings and support medical decisions,
making them more accurate across various types of cancer,
including lung, colon, breast, liver, esophagus, stomach,
cervix, skin, thyroid, and prostate. The researcher also
explains, through the research and published papers, the
importance of artificial intelligence and the reasons for its
accuracy in providing healthcare in non-surgical cases and in
the process of detecting and classifying tumours [11].

The study concluded that artificial intelligence (Al)
effectively contributes to the early detection and classification
of tumours based on genetic analysis and images. It is
considered a more accurate method than human observation,
even with medical expertise, because it can process large
amounts of data quickly and with unexpected accuracy. This
represents a revolution in the world of medical diagnosis at an
acceptable cost. The researcher limited himself to theoretical
study and comparing results from previous research without
verifying their validity. He did not provide an actual model
and test it. The method used is not considered reliable for
verifying the results due to the differences in testing groups
between studies and the accuracy standards used in each.
However, the importance of Al can be inferred without
considering the numerical or detailed results. The researcher
also pursued several types of cancer, which led to uncertainty
in the research results within the framework of a specific type
of cancer. The study did not address the limitations related to
privacy, laws, and data integrity [11].

C. Artificial Intelligence for Biomarker Identification in
Cancer Diagnosis

The research paper presented aimed to study the latest
developments in the world of artificial intelligence (AI) related
to the health sector in general, and cancer detection in
particular. It highlighted the benefits of this technology in
cancer detection through the analysis of genes, proteins, and
visual data such as images. The paper emphasized the ability
of Al to detect cancer early with high accuracy and reliability,
and to predict the occurrence of the disease based on
individuals' genetic data. The system also provides suggested
treatment methods for each type of cancer according to its
stage of development.

The research findings clearly indicate significant progress
in the factors and variables that contribute to early cancer
detection, some of which may even be able to predict future
cancer occurrence. Furthermore, Al techniques contribute to
processing massive amounts of data quickly and efficiently,
creating genetic maps that reveal mutations causing cancer, in
addition to protein patterns and molecular fingerprints. The
researchers emphasized the importance of using Al in early
detection, image analysis, tumour classification, disease
prognosis prediction, and determining the optimal treatment
for each patient. Furthermore, Al can assist areas lacking
advanced diagnostic facilities through portable diagnostic
tools and automated analysis systems, reducing the need for
costly laboratory tests. However, this paper lacks new, actual
data, limiting the ability to generalize empirically.
Additionally, any bias or weaknesses in the original studies
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will be reflected in the review results. Furthermore, there is
considerable variation in sample size, marker types, Al
techniques used, and data collection procedures. Finally, the
study did not test any model in a real-world clinical setting
[12].

D. Deep Learning for Dermoscopic Skin Lesion
Classification

Beyond these general oncology studies, a substantial body
of work addresses dermoscopic lesion classification directly.
Transfer-learning pipelines [13], [14], hybrid handcrafted and
deep feature models [15], [16], segmentation-driven detection
[17], attention-based multi-modal architectures [18], [19],
generative augmentation [9], optimisation-driven classifiers
[20], [21] and comprehensive CNN feature analyses [3], [22]
have each improved reported accuracy. Systematic reviews [2]
nevertheless caution that such figures are usually obtained
under controlled imaging conditions, and that under-
representation of darker skin tones remains a measurable
source of bias [23]. This motivated the present choice of a
lightweight backbone deployed at the edge, with the output
treated as screening support rather than diagnosis.

Table 1 summarises the concepts, gaps and suggested
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III. METHODOLOGY

Research carried out using a well-structured methodology
is guaranteed to be systematic, repeatable, and scientifically
valid. Methodology is the framework that controls the
activities that are going to be performed; problem
identification, data collection, model development, testing,
and evaluation, thus, each step is logical and aligned with the
system goals. Besides, the proposed system will be more
reliable if a defined methodology is used, and this
methodology will also help in tracking progress and will
guarantee that the system can be replicated or extended in
future studies. Among the methodologies that have been
established in engineering and computer science are the
Waterfall Model, Spiral Model, V Model, and Agile
methodology. Each of these methodologies has its unique
strength: Waterfall stresses on sequential progression [24].

The V-Model was selected as the main methodology for
this research project because it links each design stage with a
corresponding testing stage. This is suitable for an embedded
Al system because the system includes hardware selection,
software development, Al model training, system integration,
and final validation. In this research project, iterative
prototyping was used only within the implementation stage to
refine the Al model, graphical user interface, and hardware
integration. Therefore, the V-Model provides the overall
structure, while prototyping supports practical improvement
during implementation.

Level of
abstraction

Requirement
Requirement validation

Gathering

Acceptance
Testing

System
validation

Integration
- validation _

Time or project
completeness

Fig. 1. V-Model development methodology adopted.

Fig. 1 shows the V-Model structure, in which every design
stage is paired with a corresponding verification stage [25].
Table II maps each stage onto the activities carried out.
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TABLE II. APPLICATION OF THE V-MODEL METHODOLOGY
V-Model Application for this System Validation
Stage Stage
Requirement Define dataset, Orange Pi 4 Acceptance
Analysis Pro, USB camera, GUI, Testing
Firebase, and AI model
requirements
System Prepare block diagram, System
Design flowchart, and Testing
hardware/software
architecture
Software/Mo Design preprocessing Integration
del Design pipeline, MobileNetV2 Testing
model, GUI logic, and
Firebase communication
Coding/ Implement Python, OpenCV, Unit Testing
Implementati TensorFlow Lite inference,
on and GUI
Integration Integrate camera, Orange Pi, Integration
Al model, display, Firebase, Testing
and Android app
Validation Measure accuracy, latency, Final
reliability, and real-time Validation
operation

IV. SYSTEM DESIGN AND ARCHITECTURE

A. System Block Diagram

Binary Classification

" MobileNet CNN Moaell
|_ (Benign / Malignant) |

Power Sﬂwl!

Trained Al
Model °'°':f: o
| Mabilenet)

& VUSB Camera (AK[
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Image \ pATA |
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L’ 25% Testing ey

Clasﬁcmlon

Fig. 2. Functional block diagram of the proposed system.

As shown in Fig. 2, the MobileNetV2 model was trained
in a computer-based Python/TensorFlow environment. After
training, the model was converted into TensorFlow Lite
format and deployed on the Orange Pi 4 Pro for local offline
inference. The Orange Pi 4 Pro is used for image acquisition,
preprocessing, model inference, GUI display, and Firebase
communication. The AI model relies on the previously
mentioned dataset ISIC due to its reliability and validity.

The dataset used in this research was obtained from the
International Skin Imaging Collaboration (ISIC). It contains
labelled dermoscopic skin lesion images collected from
different sources and imaging conditions, making it suitable
for training and evaluating the MobileNetV2 model. In this
research work, 7,211 images were used and divided into 75%
training data and 25% testing/validation data. Each image will
be processed to ensure they all have the same size and pixel
count through resized, normalized, and enhanced using artifact
removal techniques to standardize inputs for the CNN. The
images will then be taught one by one and divided into two
sections: a training section comprising 75% of the total images
and a test section comprising 25% of the images.

The MobileNetV2 model was chosen as artificial
intelligence model for this study because it excels at image
classification rather than object and shape recognition unlike
YOLO. MobileNetV2 skin cancer detection relies on deep
learning principles specifically computer vision to extract
color and shape patterns from images and does not use
preprogrammed medical rules. The weights are generated
within the network through training which process involves

several stages to obtain the best trained model that can be used
in any application. The training process starts with images in
the database are processed one by one to convert the skin
image into a digital matrix representing pixel values, then data
is then passed through multiple layers of a convolutional
neural network (CNN) known as the hidden layers [6].

In the deep layers all these features are integrated to form
a high-level processing mechanism for recognizing skin
cancer patterns, thus enabling the model to distinguish
between benign and malignant cases with high accuracy. It is
important to note that MobileNetV2 functions as an Al model
that classifies images and does not pinpoint the exact location
of the lesion. Instead, it focuses its work on the most
interesting areas of the image using internal feature maps, such
as sudden changes in skin tone patterns, which reflect the
elements that most significantly contributed to the decision-
making process.

As illustrated in the block diagram the training process for
the MobileNetV2 skin cancer detection model involves
several followed stages. The process begins with the input
image dataset where pre-classified skin images are used to
establish visual knowledge for the model. Next, the images
undergo image preprocessing, which includes resizing them to
standardized dimensions, normalizing pixel values and
adjusting color formats this ensures the data conforms to
MobileNetV2’s requirements to improve training stability and
results in all images conforming to the standardized data set
and resembling those used in the actual testing phase.

After the model is built it undergoes model compilation by
defining the error function, optimization algorithm and
performance metrics, the results of which are extracted from
the validity and testing/validation dataset. Initial training
involves training only the classification layers using the
training set which constitutes 75% of the original dataset. The
model is then refined through fine-tuning where some deep
layers are unfrozen and retrained, but at a low rate since only
some weights need to be readjusted. Finally, the model is
evaluated using an independent test set to verify its accuracy
and reliability. After that, the trained model output is saved in
the form of a Trained Model Output that can be deployed and
used as a working system, such as running it on an Orange Pi
4 Pro after converting it to a suitable format.

Hyper Parameters are variables that are preset before
starting to train the artificial neural network model. They
include general model training settings such as image size,
number of training cycles, number of hidden layers in the
model, and training step size. These values affect training
accuracy. It is preferable to choose a relatively small step size
to balance model accuracy and training speed, as choosing a
small-size leads to a significant slowdown in model training.
Hidden layers are usually 32 or 64 layers. Image size also
affects training accuracy, but its effect is not direct;

B. System Flowchart

Fig. 3 shows the operational flow of the implemented
system, from image capture through preprocessing, inference
and result display.
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Fig. 3. System flowchart.

C. Hardware and Software Requirements

The Orange Pi 4 Pro features an Allwinner A733 octa-core
processor comprising two Arm Cortex-A76 cores running at
up to 2.0 GHz and six Cortex-ASS efficiency cores, 6 GB of
LPDDR5 RAM, an Imagination BXM-4-64 GPU and a
dedicated 3 TOPS neural processing unit for on-board
inference. It also includes USB 3.0 and USB 2.0 ports, which
can be used to connect to a camera or other plug-and-play
devices. Network connectivity is supported via Gigabit
Ethernet or Wi-Fi 6, and it accepts memory cards up to 255
GB. Electrically, it requires a 5V DC power supply with a
minimum current of 3 amps for stable operation. This device
was chosen as the system's control centre due to its ability to
process data and handle Al models locally without requiring a
constant internet connection. It also offers high-speed camera
control and image processing via CSI or USB [8].

The Orange Pi 4 Pro serves as the main embedded
computing platform, powered by an Allwinner A733 octa-core
Arm processor running at up to 2.0 GHz with an integrated 3
TOPS neural processing unit that supports on-device machine
learning inference. It features a 40 pin GPIO connector for
peripherals, a USB type C power input supporting stable
5V/3A operation, and an HDMI 2.0 port for display output.

This camera utilizes a high-resolution sensor and a narrow
viewing angle, allowing for a higher pixel density per unit
area. With a resolution of up to 12 megapixels, it delivers
sharp images exceeding 1080p at 30 frames per second or
higher, depending on the resolution of the video being played.
It is available in various models with viewing angles ranging
from 45 to 145 degrees, and some are equipped with an IRcut
night vision sensor and built-in infrared illumination, making
it particularly well-suited for this system.

It supports several sizes up to 8 inches, some of which are
capacitive touch screens that support ten fingers and provide a
resolution of 480x800. It connects to the Orange Pi 4 Pro via
a dedicated DSI port and can be used to display a graphical
interface.

Fig. 4 shows the layout of the embedded processing board,
and Fig. 5 the camera and display units.

Allwinner A733
2x Cortex-AT6 Cores + 6x Cortex-A55 Cores, Max. Frequency 2.0GHz
4GB/6GB/8GB/12GB/16GB LPDDRS Debug TTL UART

40Pin headers

Wi-Fi6.0+BT54 M
Antenna pedestal

Wi-Fi 6.0+BT5.4

2°USB2.0
USB2.0HUB
BOOT Key

USB3.0 (Above)

MIPI DSI 4 Lane USB2.0 (Below)

PMU

128Mb/256Mb SPI Flash >
LED

POWER Key —gi

MIC

RESET Key

Type-C/Power port(SV/3A)
Speaker output interface HOMI

Ethernet Chip

Gigabit Ethernet
POE

Audio In/Out
MIPICSI 2 Lane

Fig. 4. Layout of the Orange Pi 4 Pro embedded processing board.

Fig. 5. Peripheral units: (a) the USB camera used for lesion image capture,
and (b) the 7-inch HDMI display.

On the software side the platform runs a Linux distribution
with Python, OpenCV and the TensorFlow Lite runtime. The
system design is directly linked to image processing
operations to ensure alignment within a single frame.
Therefore, the captured image undergoes initial processing
before being sent to the Al model for decision-making. The
processes used for image modelling include resizing and
adjusting pixel values to remove any potential noise or hair.

Fig. 6 shows the mechanical enclosure designed to house
the board, camera and display as a single handheld unit.

Fig. 6. Mechanical enclosure design for the handheld screening unit.

V. IMPLEMENTATION AND RESULTS

The main objective of this section is to present the
experimental results of a system designed to detect skin cancer
using artificial intelligence and store data in a cloud-based,
real-time database. These results will be analysed and
discussed within the framework of the test points and system
objectives previously defined in the planning phase.
Furthermore, the extracted results will be compared with
standard values and expected model values to identify points
of convergence and divergence and their impact on the
system's operation and efficiency.
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Fig. 7 shows the assembled hardware prototype.

=

:

Fig. 7. Implemented hardware: (a) the embedded platform connected to the
7-inch HDMI display, and (b) the assembled prototype unit.

A. Dataset and Preprocessing

The system uses dermoscopic skin lesion images obtained
from the International Skin Imaging Collaboration (ISIC)
dataset. The dataset contains labelled images collected under
different imaging conditions and was used to train and validate
the benign/malignant classification model. This dataset
comprises images of clinical skin lesions captured globally
using various cameras and lighting conditions. Its large size
suggests the potential for developing a highly accurate Al
model. The selected dataset was divided into a 25% test and
75% training subset. This distribution strategy separates the
data into a training subset to refine patterns and a validation
subset to monitor the accuracy of the trained model, aiming
for an accuracy exceeding 90%: [7], [4].

The dataset comprised Total Source Images size 7211
images representing distinct dermatological clinical cases of
type.jpg and dimensions 224x224x3; Training Subset (75%)
size 5408 images utilized directly by the backpropagation and
gradient descent pipeline; Validation Subset (25%) size 1803
images completely isolated from model optimization to
provide unbiased generalization tracking.

The dataset contains balanced categorization vectors
corresponding to two distinct diagnostic classes: Benign (non-
cancerous skin lesions, including melanocytic nevi, seborrheic
keratoses, and benign solar lentigines) and Malignant
(melanomas and basal/squamous cell carcinomas requiring
urgent clinical intervention).

Pre-emptive image processing was added to the selected
dataset to mitigate the effects of bias in the trained model and
variations in lighting. Some effects were also added to amplify
the dataset size. It's important to note that all pre-emptive
operations applied to the images during training must be
applied in the same order to the images during actual execution
to ensure that the images at the input of the trained model
match the model input. These operations include Resizing: To
standardize lighting intensity, pixel arrays are scaled from
integer ranges [0, 255] to floating-point coordinates [0.0, 1.0].
Rotation Range: Random multi-axis rotations of up to 20
degrees to simulate different camera angles. Horizontal Flip:
Random horizontal image flipping to enhance image variety
and address different shooting angles. Verification Split: The
data is divided into a training set with 25% for testing and 75%
for training, allowing for self-testing of the model's accuracy.

B. Model Training

The basic convolutional neural network (CNN)
architecture was designed to evaluate performance against
highly complex architectures. The simple, three-layer, deep
custom network produced a massive architectural footprint,
resulting in a total parameter space of 11,169,089. Crucially,
the raw tabular flattening step into uncompressed dense layers
accounted for over 11 million parameters alone, creating an
optimization bottleneck. The absolute layer configuration and

dimension footprints are
documented in Fig. 8.

structurally  distributed as

Fig. 8 shows the parameter footprint of that baseline
architecture. Table III summarises the training stages and
Table IV the hyperparameters used for the two-stage
procedure.

Model: "sequential"

Layer (type) Output Shape Param #

conv2d (Conv2D)

max_pooling2d (MaxPooling2D) 5: 333;. 31%,. 32) 2

conv2d_1 (Conv2D)

max_pooling2d_1 (MaxPooling2D)

conv2d_2 (Conv2D)

max_pooling2d_2 (MaxPooling2D)

flatten (Flatten)

dense (Dense)

dropout (Dropout)

o

dense_1 (Dense)

Total params: 11,169,889 (42.61 MB)
Trainable params: 11,169,089 (42.61 MB)
Non-trainable params: © (©.00 B)

Fig. 8. Model parameters of the baseline CNN architecture.

TABLE III. TRAINING STAGES

Stage Function

Dataset input ISIC images

Preprocessing Resize, normalize, remove noise/hair if
used

Data augmentation
Model training
Model conversion

Rotation, zoom, flip, brightness
MobileNetV2 fine-tuning
H5/Keras to TFLite

Hardware Orange Pi 4 Pro local inference
deployment

Image capture USB camera

Output GUI class, confidence, heatmap

TABLEIV. TRAINING HYPERPARAMETERS

Hyperparameter Value

Model MobileNetV2

Input size 224 x 224 x 3

Classes 2

Batch size 32

Epochs First level 15 Second level 10 Total

25

Optimizer Adam

Learning rate First level 0.001 Second level
0.00001

Loss function Binary cross-entropy

Activation output Sigmoid

Frozen layers Top levels/ Base Layers

Fine-tuning layers 20

Model format TFLite

Quantization Float32

C. Test Point Results

Before the actual implementation of the system, and to
verify its effectiveness, the functionality of the sub-units was
confirmed, such as the camera's operation with the Orange Pi
4 Pro, in addition to verifying the screen's accuracy and
functionality, and ensuring that the necessary libraries were
installed on the Orange Pi 4 Pro and were compatible. The
basic devices in this system include a 1080p USB camera and
a 7-inch HDMI display screen for displaying the graphical
interfaces.

Table V reports the results measured at each defined test
point.
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D. Classification Results

Fig. 9 shows representative benign and malignant test
images together with the corresponding classification output
produced by the system, and Fig. 10 the graphical user
interface and Android monitoring application.

Fig. 9. Classification testing: (a) benign test images, (b) benign results, (c)
malignant test images, and (d) malignant results.

As observed during the previous tests, the implemented
system classified most of the tested benign and malignant
cases correctly, demonstrating the effectiveness of the trained
MobileNetV2 model for preliminary skin cancer screening.
However, the system is not considered a final diagnostic tool,
and further testing with clinically verified samples is required
to evaluate false positive and false negative cases. After testing
the system and confirming its success, the Android application
was reviewed to ensure the accuracy of data sharing and its
display mechanism. It was also found that the Android
application successfully received and organized the data
appropriately, collecting all test results for each person and
displaying the results and dates clearly, as shown in Fig. 10.
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Fig. 10. System interfaces: (a) the graphical user interface used for data entry

and result display, and (b) the Android monitoring application.

E. System Validation

Table VI presents the validation of the prototype against
each defined user requirement, and Table VII compares the

simulation and hardware performance.
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TABLE VII. SIMULATION AND HARDWARE PERFORMANCE

METRICS
. Simulation Hardware
Metric Result Result Comment
Slight reduction due
Accuracy 90.43% 89.92% | '© embedded
deployment
conditions
Inference 297 ms 248 ms Below the 500 ms
Latency targets
Input Image 224 x 224 x | 224 x 224 x | Matches
Size 3 3 MobileNetV2 input
Model TensorFlow | TensorFlow TFLite ~ used  for
. embedded
Format /Keras Lite
deployment
Processing Computer- Local edge Harfiware works
based . offline for Al
Mode . inference .
testing inference
Class + Class + Displayed  through
Output confidence confidence GUI and
P Android/Firebase
score score o
monitoring

VI. CRITICAL EVALUATION

This section provides a detailed critique of the prototype
Al-based skin cancer screening system that was designed,
whereby each functional unit will be examined to uncover
limitations and engineering problems under critical operating
conditions.

During implementation it was observed that the hardware
accuracy was slightly lower than the simulation accuracy. This
was initially unexpected because the same trained model was
used; subsequent testing showed that embedded deployment
introduces practical constraints such as lighting variation,
camera focus, TensorFlow Lite conversion, and processor
limitations. This highlights the difference between software-
based AI evaluation and real-time embedded system
implementation. It also shows that a system must be evaluated
not only by accuracy, but also by latency, reliability, usability,
power requirements, and ethical limitations.

A. Evaluation of Functional Units

1) Image Acquisition

Using a USB camera proved more effective than using CSI
connectors because USB is more robust. However, USB
connectors are prone to bending during extended use, which
can lead to cable breakage and signal loss. Therefore, the
system can be upgraded from a USB Type-A camera to a
Type-C camera with a screw-and-lock connector. The timing
of signal or image capture from the camera depends on

software interrupts and the OpenCV library. This mechanism
provides three processing steps, as the processor is not
constantly monitoring the camera but captures the image only
when a software interrupt occurs.

2) Processing and Embedded Computing Core

The highest power consumption occurs when the Al
system is fully operational, including the screen backlight and
USB camera sensors. At this time, the system consumes 13.2
watts (2.63 amps) of power, assuming a 5-volt power supply.
This consumption is close to the full power consumption of
the power supply. Therefore, it is recommended to only use
the camera or the AI system, when necessary, i.e., after
capturing a photo, thus reducing power consumption in idle
mode to 3.5 watts.

3) Embedded Al Inference Engine

Artificial intelligence was trained to achieve a reliability
level exceeding 90% by initially training the neural network
on free layers until it reached the highest possible percentage,
approximately 76%.

First, the convolutional neural network architecture
stabilised at an average training throughput of 505 ms per
batch step across the 66 batches of each training epoch. This
figure describes training cost and should not be confused with
the 248 ms single-image inference latency measured on the
deployed system. Second, the feature extraction architecture
in the MobileNetV2 model maintained a comparable training
throughput of 509 ms per batch step. This indicates that the
assumed architecture of the customized model provides
advanced performance with minimal time costs, which is a
positive outcome.

Based on the previous observations and the model's
improved accuracy during initial training, a structured three-
stage evolutionary path was pursued to optimize performance
while managing computational constraints: First: A custom-
built convolutional neural network. This network was built
entirely from scratch and achieved a maximum tracking
accuracy of 83.51% across 15 iterations. After this point, the
network exhibited a record stagnation in optimization,
indicating a rigid architectural limit. Second: MobileNetV2
with a static core: Leveraging transfer learning based on pre-
trained structural criteria from ImageNet, the core was rigidly
fixed. This configuration contributed to the stability of the
verification capabilities, achieving 79.76% accuracy on
iteration 20 with a total loss coefficient of 0.431. Finally:
Highly optimized MobileNetV2: The final optimization
strategy allowed access to the top 20 structural convolutions
in the MobileNetV2 core architecture, enabling high-level
filters to explicitly adapt to the shape of skin lesions.
Combined with a low and constrained learning rate (1e-5), the
system achieved high positional pattern matching. This
approach achieved a peak verification classification accuracy
0f 90.43% and reduced the binary cross-entropy loss to 0.227.

Fig. 11 shows the accuracy achieved at each of these three
stages. The frozen layers were then unfrozen, and the system
continued to be trained in small increments until the accuracy
surpassed 90%.
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Fig. 11. Model accuracy across the three training strategies: (a) baseline
custom CNN, (b) MobileNetV2 with 20 layers frozen, and (c) fine-tuned
MobileNetV2.

In its current state, the model would take a long time to
process data if the image were fed into the model's input at its
original size. Therefore, the image was converted to a 32-flute
system to compress it as much as possible while retaining all
the necessary information, thus saving processing time and
obtaining reliable results as quickly as possible.

4) User Interface and Display Unit

Although the small screen size might limit data display, the
preset screen resolution ensures that all essential information
is contained without any lag in the user interface. Furthermore,
the monitor is equipped with an HDMI cable, which offers
superior resolution compared to standard flexible DSI cables.
While SDMA achieves a 60Hz refresh rate, the small
600X800 pixel screen compresses text elements. Therefore,
the user interface code is moved to a separate processing
thread using a lightweight, streamlined Qt system.

B. Evaluation Against Objectives and Related Work

All engineering decisions made in the design and
implementation of this system were based on knowledge
derived from previous studies and literature reviews, and will
be justified in this section by critically evaluating the
experimental results achieved by the prototype against the
initial design objectives and the leading literature model [8] in
Table VIII below:

Table VIII compares the prototype against the design
objectives and the benchmarks reported in the reviewed
literature.

TABLE VIII. COMPARISON WITH DESIGN OBJECTIVES AND
LITERATURE BENCHMARKS
Evaluation Prototype Design Literature
Metric Results Objectives Benchmarks
Classification N 82.0% - 88.0%
> 0,
Accuracy 90.43% 285.0% (Standard CNNs)
Binary Cross- 0.227 <0.350 0.320 - 0.400
Entropy Loss
Exported Highly
TFLite compatible
Model Profile with Edge, Heavy native .h5 or
Deployment (Bypasses Mobile, and serialized weights
Footprint heavy Low-Power (~42MB)
framework | environment
runtime) s
Fine-
Tuned Leverage
MobileNet g
advanced From-scratch
Feature V2 .
. structural custom designs or
Extraction Transfer .
. models over fully locked static
Strategy Learning
scratch backbones
(Top 20
frameworks
Layers
unfrozen)

VII. HEALTH, SAFETY, ETHICAL AND SUSTAINABILITY
ASPECTS

The current system is based on Orange Pi 4 Pro, and the
devices requiring power are the Orange Pi 4 Pro display and

the camera. The Orange Pi 4 Pro is supplied with a constant
5V voltage. The camera and screen draw their power directly
from the power source via the Orange Pi 4 Pro's 5V outputs.
This design prevents the risk of high-voltage electric shock,
thus ensuring the safety of patients and users of this system in
general. The system is designed so that the processor and
monitor are mounted on top of it in a relatively large enclosure.
This allows for direct air cooling of both the processor and
monitor, providing excellent ventilation and cooling. This
prevents the risk of burns and ensures stable processor
operation without overheating. The model was trained to
operate in different lighting conditions. The images or dataset
used to train the model were taken under different lighting
conditions, which facilitates the process of capturing images
without the need for external lighting other than room lighting.
This provides visual protection for both the users and the
patient from the diffuse glare of traditional imaging methods
that rely on flash or very bright backlighting. The system is
designed to be handheld, easy to transport and lightweight,
which allows it to be used in many centres or even at home.
The system does not contain any toxic materials or pollutants
that may harm the health of the patient or therapist.

From an environmental perspective, the system offers
energy efficiency, promoting sustainability and enhancing
energy consumption. The software environment is designed so
that the system only operates during software interrupts, and
therefore, in idle mode, the system consumes only 5 watts.
Furthermore, the industrial units used, the Orange Pi 4 Pro or
Pro processors, the HDMI-cabled monitor, and the USB
camera prevent contamination of heavy equipment. In the
event of potential equipment failure, these materials can be
recycled and reused, thus reducing harmful waste to the
environment.

Given the sensitivity of this system, which is designed to
be related to public health and public trust, the social aspects
and the extent of public acceptance of this system play an
important role in evaluating this system. The role of this
system lies in gaining the public’s trust on the one hand and
maintaining their security and the integrity of their data from
leakage, in addition to confidence in the results provided by
this system. The designed system supports public acceptance
by providing fast preliminary screening results based only on
the tested prototype conditions. It does not confirm whether a
patient has skin cancer.

Legal and ethical considerations are among the most
prominent challenges facing the implementation of any
system, especially those related to public health and medical
diagnosis, such as the current system. Laws and public ethics
mandate ensuring the confidentiality of information and
guaranteeing that users' personal data is not exploited for non-
medical and non-scientific purposes. Legally, using the
camera for purposes other than photographing the site of
injury or using it to spy on patients is against the law and the
ethics of the engineering profession. Therefore, it was decided
to process the images locally and not store the processed
images or share them online with any third party, thus granting
the research legal and ethical legitimacy. Furthermore, the
system does not receive remote commands; The Al inference
is performed locally on the Orange Pi 4 Pro. Only non-
identifiable output data, such as predicted class, confidence
score, and timestamp, may be sent to Firebase for monitoring.
Patient images or personal information should not be uploaded
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or stored unless informed consent and ethical approval are
obtained.

The use of artificial intelligence systems in medical
diagnosis still faces legal challenges due to the lack of specific
frameworks and regulations governing their use and operation.
Such systems must undergo rigorous verification procedures,
including an examination of their security measures against
cyberattacks, ensuring data integrity and preventing data
corruption, and guaranteeing system accuracy before approval
is granted. In this report, sensitive data such as the database
address and passwords have been redacted as a precautionary
measure. The system is intended as an early screening and
decision-support tool only. It does not replace dermatologist
diagnosis, clinical examination, or biopsy. A false negative
result is ethically serious because it may delay medical
consultation.

The primary goal is to preserve public health, and similar
research directly support the sustainability of human life,
which is the foundation of long-term sustainability.
Technically, several aspects were considered to ensure the
sustainability of vital resources, most importantly energy. The
system operates at 5 volts, and the maximum current it can
consume during operation does not exceed 5 amps.
Consequently, energy consumption does not exceed 25 watt-
hours, a negligible amount compared to traditional devices.

VIII. CONCLUSION

The main objective of this research study was to design
and implement a low-cost embedded Al-based skin cancer
screening support system using deep learning and
dermoscopic image processing. A pre-trained MobileNet
Version 2 architecture was customized through fine-tuning of
the deep layers and conversion of the trained model to a
TensorFlow Lite model. The trained model was integrated into
Orange Pi 4 Pro devices and a high-resolution USB camera. A
graphical user interface was added to the system, accessible
via touch or remote control. The Al inference and image
processing were performed locally without requiring internet
access, while Firebase and the Android application were used
only for result monitoring.

IX. FUTURE WORK

Although the system achieved its main objectives and
demonstrated good practical performance, there are still
several opportunities for future improvement. Future
development may improve the reliability of preliminary
screening results, reduce unnecessary referrals, and support
earlier medical attention, while final diagnosis must remain
the responsibility of qualified healthcare professionals. The
system can also be improved by using more -efficient
processors, higher-resolution cameras, and better controlled
lighting conditions to enhance image quality and classification
reliability.

Furthermore, the current application is shared through an
Android application. In future work, the system can be
improved by developing a web-based platform that allows
easier access from different devices, including computers,
tablets, and mobile phones. This would make the system more
flexible for use in clinics, educational environments, and
research settings.

Another recommendation is to train and test the model
using a larger and more balanced dataset that includes
different skin tones, lesion types, and image acquisition

conditions. This would help improve model generalization and
reduce the possibility of misclassification. Future work should
also include a complete confusion matrix, precision, recall,
specificity, and F1-score evaluation using clinically verified
test images.

Finally, the system should be tested with the support of
medical specialists before any real medical deployment.
Additional clinical validation, ethical approval, and patient
consent procedures are required to ensure that the system is
safe, reliable, and suitable for practical healthcare use.
Therefore, the prototype should remain a screening and
decision-support tool, not a replacement for dermatologist
diagnosis, clinical examination, or biopsy.

Future evaluation should also report a full confusion
matrix with precision, recall, specificity and Fl-score on
clinically verified images, and should explicitly assess
performance across skin tones, which remains a documented
source of bias in dermoscopic classifiers [23], [2].
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Abstract — The present report is about the creation of an
EMG-controlled prosthetic arm, which will enhance the
functionality and usability of people who lost their limbs. In the
wake of the growing demand for higher-tech solutions in
prosthetics, this research aims to offer easier and more direct
control experience. The design is based on the incorporation of
electromyography (EMG) sensors that can record electrical
activity that can be produced by muscle contraction in the
residual limb. The electrical signals are converted to control
commands of the movements of the prosthetic arm by these
sensors, and users can then perform normal actions, like
gripping, pushing and opening. The machine learning
algorithms were utilized to increase the accuracy of the system
and its capacity to respond to the specific user muscle signals.
The data obtained through experimental methods showed that
the prosthetic arm could rather closely imitate natural
movements, which made the use of the prosthetic arm much
more convenient than using a traditional one. The users claimed
that they experienced efficiency and comfort when doing their
day-to-day activities leading to an improvement in their general
quality of life. These inventions can be regarded as a significant
advancement in the field of prosthetics as they provide a better
and more user-friendly way of control. The research work will
help in addressing the practical requirements of people who
have lost their limbs, and this will also create novel avenues of
research and development of assistive technologies.

Keywords — Electromyography (EMG); prosthetic arm;
Raspberry Pi; MG995 servo motor; ADS1115; PWM control;
assistive technology
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I. INTRODUCTION

The loss of upper limbs because of accidents, diseases, or
genetic influence is an influential phenomenon on the physical
and mental output of a person, and his or her quality of life.
Conventional forms of prostheses like the body-powered
prosthetics lack functionality and, in most cases, are also
coupled with bulky harnessing systems. To overcome these
limitations, there has been a research and development move
towards externally powered prosthetics, including the
electromyography (EMG)-controlled prosthetic arm. This
technology is more natural and intuitive to operate and control
than the traditional techniques and it has a direct interface
between the intention of the user and the movement of the
prosthetic as it detects the electrical activity generated by
residual muscles. Nevertheless, EMG-controlled prosthetic
control has issues in such aspects as high cost, signal
variability and sensitivity to noise as well as the complexity of
the control algorithms to use to ensure multi-degree-of-
freedom control. The objective of the research in this field is
to come up with strong systems to obtain, process, and classify
the EMG signals to translate them to real-time motor control.
Besides the recovery of physical functions, this technology
improves body image, social participation, and the mental
health of users. However, drawbacks like surface EMG signal
sensitivity and muscle exhaustion still exist and thus there is
need to innovate better approaches like pattern recognition and
machine learning to overcome them and enhance the
acceptance of EMG-controlled prosthetic arm [1], [2].

Remote control EMG-supported prosthetics are also one of
the most important inventions in the sphere of compensatory
mobility. The significance of the topic under consideration is
explained by the increasing need to improve the quality of life
of people who have lost the functionality of their natural limbs
because of injuries, diseases, or deformities. As it is estimated,
there is a significant need and over 30 million people in the
world need to be provided with prosthetic limbs, which is why
effective solutions are sorely needed, as reported in the recent
literature [3], [4].
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The findings of the recent research show that classical
types of prosthetics do not usually offer appropriate and
convenient management. Prior studies report that most users
experience problems with the use of the traditional type of
prosthetic limbs, which frustrates them and worsens their
quality of life. Moreover, research has shown that EMG
technology would be able to make the prosthetic limbs more
responsive and enable users to move in a more natural manner.
Despite these developments, there are still problems that touch
on the accuracy of control and comfort of the user, and hence,
this field needs more research and development [5].

The chosen research topic was aimed at filling the existing
gaps in the existing prosthetic systems. The objective is to
create a prosthetic arm that will be based on EMG signals to
attain control precision of up to 90% in basic movements, such
as grasping, moving, and releasing. Research has indicated
that better control accuracy can greatly lead to the success of
the users in everyday activities. As an example, it has been
shown that better control of the prosthetic limbs could expand
the abilities of users to execute daily tasks to up to 80 percent.

The initiative is a larger project to improve technology that
enhances the autonomy of the disabled. It is widely recognised
that the issue of offering assistive technology is relevant to the
enhancement of the quality of life of disabled people, as they
can become more active in society. This goal is not only aimed
at improving the quality of life of individuals, but also it
contributes to social justice and human rights development.

Moreover, the evolution of Al and machine learning gives
novel possibilities to improve the performance of prosthetic
limbs. Recent discoveries indicate that it is possible to achieve
high control accuracy and faster response time when deep
learning is applied to the EMG signals [6], [7].

Altogether, this study can be discussed as a breakthrough
in the sphere of prosthetic limbs, which opens new
opportunities to enhance the life of people having mobility
issues. Recent research suggests that emerging technologies
are needed to address the needs of the users and give them
improved chances of becoming independent. This proposed
idea will be beneficial by filling the shortcomings of the
current systems with an improved and easy-to-use solution to
the people who use prosthetic devices.

The proposed idea aim is as follows. To design a high-level
prosthetic hand where amputees or people with disabilities can
use electromyography (EMG) signals to perform 80 percent of
their daily tasks without outside assistance, to help improve
their quality of life.

The specific objectives are: (i) To Perceive hand finger
movements with great preciseness by making use of H124SG
muscle sensor surface electrode. (ii) To Process signals using
a Raspberry Pi and send relevant commands to the MG995
motor. (iii) To achieve a prosthetic finger movement response
time of less than 200ms, and a prosthetic accuracy of 90% or
higher. (iv) To design, develop and integrate the operation of
a set of 6 servo motors (MG995) for the controlled movement
of the fingers and hand of the prosthetic hand. (v) To create
PWM control signal to the EMG data for the MG995 servo
motors.

The practical uses of the prosthetic arm which is controlled
by the EMG signals are very important as it represents the real-
life reflection of what the given work influences in real life
and in different spheres of science. This artificial arm should

help advance the livelihood of the motor disabled as they will
be empowered through the ability to carry out everyday tasks
on their own. Indicatively, technology will enable the users to
undertake very important activities like eating, writing and
holding objects, and this will make it easier for them to
communicate in their social settings. Also, the prosthetic arm
can find application in the professional field, thus allowing
people with disabilities to be included in the work force. This
creates new job opportunities for them and increases their
financial stability. Scientifically, the study can provide useful
information to scientists in fields of robotics, bioengineering,
and neuroscience, thus building research and development in
these spheres. The findings gained out of the study are
applicable in the development of new technology in the
production of prosthetic limbs to enhance the functionality of
the prosthetic limbs. Overall, these applications indicate that
the prosthetic arm could benefit the lives of people and
society, and it can be concluded that research and development
in this area have a significant implication in this sphere and it
could lead to gaining independence and improve the quality of
life of a person with disabilities.

The proposed work also operates under a number of
limitations. Signal Interference: EMG signal acquisition may
be caused by external electrical noise resulting in inaccurate
readings. Fatigue and Muscle Condition: The EMG signals
may influence fatigue or atrophy of muscles, and this causes
impaired functionality with time. Environmental Factors:
Electronic component and sensor performance can be
influenced by the change in temperature or humidity.
Susceptibility to Loss: The prosthetic arms can be lost in some
cases, including because of inattention or fall. This problem
will require fixing or changing it and it may mean a long time
out of use.

II. RELATED WORK

This section reviews five studies closely related to the
design of an EMG-controlled prosthetic arm, and summarises
the concepts, gaps and possible improvements identified in
each.

A. Design and Development of an EMG Upper-Limb
Controlled Prosthesis

The literature review is devoted to design and development
of electromyography (EMG)-controlled prosthetics that are
emphasized by the three values: integrating technology, easy-
to-use design, and affordability. In research reported in [3], it
is estimated that amputation is common, and there is a
necessity to have available artificial limbs to enhance the lives
of amputees. The focus of the research is on statistical data,
but it does not consider technological solutions, and it is
possible to state that further research is required to create low-
cost prosthetic technologies. A review of prosthetic service
provision [4] suggests that there is a wide demand for
prosthetic services, especially regarding the imbalance in the
accessibility of cheap equipment. The identified barriers in the
report include cost, availability, and shortage of trained
specialists but do not give any technological
recommendations. The authors of [2] also underlines the
necessity of user-based approach to upper limb prostheses
which indicates that users are interested in better functionality,
comfort, and appearance, but the choice of review is on the
technological progress. The work in [8] mentions the
possibility of online solutions to customize and purchase
prosthetics but fails to discuss their potential to increase
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accessibility, without discussing the technical options of
adapting these solutions to the current designs. The work in
[9] discusses the work of EMG sensors explaining their
efficiency in enhancing the level of user control and
autonomy, but the discussion is rather theoretical than
practical. The work in [10] explores the opportunities of deep
learning algorithms in improving EMG-based control,
showing that it improves the muscle signal classification, but
does not propose any implementation plan to be used in
affordable prosthetics. Overall, the literature confirms the
necessity to provide inexpensive and easy-to-use solutions that
should integrate the latest technologies, such as EMG devices
and machine learning. Further studies in the area are required
to be directed to the application of these technologies in
designing a prosthetic and the user testing can be carried out
to receive feedback on the usability of these technologies and
the comfort to ensure that long-term solutions are offered to
everyone [11].

B. Integration of EMG and Machine Learning for Real-
Time Control of a 3D-Printed Prosthetic Arm

The literature review summarizes the related studies
concerning designing and developing an electromyography
(EMG) controlled prosthetic arm. One of the studies dedicated
to the development of a low-cost, 3D-printed prosthetic arm
was conducted by [12], who unified the single-channel EMG
sensing with machine learning to identify gestures. These
findings revealed that the SVM classifier was found to be 92.7
percent accurate, and the prosthetic was found to have a 96.4
percent success rate in power-grip tasks. The paper
highlighted the necessity to introduce future versions that will
involve multi-channel EMG and long-term durability
experiments. The work in [4] conducted a review of different
myoelectric prosthetics by stating that user-centered designs
must be adopted with references to both psychological and
physical needs of amputees. Their results emphasized the need
to test existing systems in the real world to ensure the
applicability of existing systems is improved. The work in [§]
talked about the role of 3D printing in producing customized
prosthetics, as it has reduced costs by a significant margin and
has become more accessible. They suggested that more
materials and printing methods should be studied to enhance
durability. The work in [2] have surveyed the developments in
myoelectric control, with a focus on the use of Al to improve
the precision of the control. They have observed that most
systems are either complex or expensive, meaning that future
designs must focus on simplicity and affordability. Altogether,
the literature reviewed highlights the need to combine EMG
sensing, machine learning, and 3D printing to create efficient
and affordable prosthetic solutions and overcome the
limitations on the lifespan of the material, the accuracy of the
control, and user feedback to increase its clinical applicability.

C. Prosthetic Hand Using EMG

The development of EMG controlled prosthetic arms is a
big leap in the medical field and an attempt to help people who
lost their limbs with effective solutions. A review of relevant
literature has revealed several studies which have dealt with
this area. For example, prior reviews [3] note the difficulties
of current myoelectric systems, specifically in the correct
interpretation of muscle signals, which affects their functional
performance. They suggest creating more sophisticated
algorithms to give a better level of control, and
notwithstanding limitations associated with signal noise and
user variability. Similarly, [7] introduce bioinspired control

strategies to achieve greater precision and effectiveness and
suggest the combination of multiple control signals to achieve
greater adaptability. The work in [13] it is noted that there is a
need for better training protocol for the users because current
systems find it difficult to respond quickly and accurately
recognize signals. The work in [4] addresses the role of meat
robots and the role of innovative materials for comfort and
functionality. In comparison, the EMG-Robo Arm is more
oriented towards the development of an actual customizable
and affordable robotic (prototype) arm that will restore
fundamental hand functions. While this feature shows good
performance in grasping and releasing objects, we also have
problems of reliability and user adaptability. The proposed
idea suggests making signal processing algorithms better, as
well as incorporating sensory feedback and better user
experience. For the most part, literature highlights a need for
further research and development to keep up with these
challenges, leading to the betterment of those people's quality
of life living with EMG controlled prosthetics [14].

D. EMG-Robo Arm: Restoring Hand Function Using EMG
Technology

EMG-controlled prosthetic arms have received extensive
research attention as a promising outcome in restoring hand
functionality in amputated individuals because they allow the
amputated person to make precise moves by changing the
muscles that remain to produce mechanical movement. The
basic principles of biomedical signal acquisition and
processing, early research by [10] bonded the foundations of
future research in myoelectric control systems. In more recent
studies, [13] and prior reviews [3] have shown that surface
EMG signals can be dependable in controlling the prosthetic
devices; nevertheless, they also noted that there are persistent
problems such as variation of the signals, susceptibility to
noise, and user-specific differences that restrict the
performance in real world. Increases in bio-inspired and
machine-learning based control strategies, as [7] contend,
have led to better motion naturalness and lower user cognitive
load, but the given technologies tend to be high-caliber in
terms of computational resources and costly devices. The
authors of [15], [16], in turn, suggested a cost-effective robotic
arm controlled by EMG using Arduino and 3D-printed
materials, with gesture recognition accuracy reaching over
85% and the manufacturing cost being also lower. This
strategy proves that open-source hardware and additive
manufacturing have the potential to strike a reasonable
tradeoff between cost and functionality but still has limitations
in the form of durability, small-scale user testing, and sensory
feedback. The time signal processing and modular mechanical
design fills the gaps established in these studies by providing
a better calibration scheme, signal filtering and scalability of
the system. Overall, the literature review supports the choice
of EMG-based control as a viable and research-proven
solution but also indicates the need to open opportunities in
the future direction, addressing such issues as adaptive
algorithms, sensory feedback integration, and prolonged
clinical validation.

E. Low-Cost EMG Acquisition and Embedded
Classification

Recent work has also addressed the acquisition hardware
and the classification stage directly. Validated low-cost EMG
acquisition prototypes [17] show that instrumentation-grade
signal quality can be reached without commercial front-ends,
while embedded gesture-recognition systems built around
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surface EMG [18], [19] report reliable classification on
constrained hardware. Comparable results have been obtained
for low-cost prosthetic arms driven by microcontrollers [20],
[21], and for neuro-fuzzy and sequence-model approaches to
EMG interpretation [22], [23], [24]. Together with the semi-
active prosthesis reported in [25], these studies confirm that an
affordable, embedded EMG-driven prosthesis is technically
feasible.

Table 1 summarises the concepts, gaps and suggested
improvements identified across the reviewed papers.

TABLE 1. SUMMARY OF PAPERS REVIEWED ON EMG-
CONTROLLED PROSTHETIC ARMS
Title, Author, Concepts, Gaps and Improveme
Year approach differences nts
and methods
Talks about The
the . applications
. development Majorly of EMG
Design and of EMG concentrates technology
Development of an on theory | .
. sensors  and in low-cost
EMG Upper Limb their use in developmen heti
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Controlled enhancin t  without chould  be
Prosthesis [11] e putting it to .
prosthetic ractice developed in
control P studies in
systems. future.
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explains the
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of EMG quen Some
. errors are the
sensing and use of recommenda
machine single- tions include
learning ch agn nel incorporation
about creating EMG.  the of multi-
cost-effective Lse ’ of a channel
prosthetic small EMG,
arms, with the number  of thorough
Integration of EMG | focus on user- amputees to real-world
and Machine centered cor?duc " tests,
Learning for Real- design and 3D tests and improvement
Time Control of a printing unreiiabilit of  material
3D-Printed technologies. of materiZl strength and
Prosthetic Arm The durabilit the
[12] experiments Most o fy.the incorporation
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The reviewed literature confirms that EMG-based control
is a viable and well-supported approach, while highlighting
recurring gaps in signal robustness, sensory feedback and
long-term validation. These gaps directly informed the design
choices adopted in this work.

III. METHODOLOGY

Methodologies refer to rules and steps that are applied in
project management that determine how a project is run. A
number of established methodologies have been developed
over the years since different projects fall in different fields.
Such methodologies are: first, the Waterfall methodology,
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which is a staged approach with each stage concluding before
the next one is started; second, the Scrum methodology, a
methodology that is used to handle complex tasks, and it is
based on meetings between team members; third, the Agile
methodology, a flexible approach that is appropriate in
projects with not clearly defined requirements that can change,
during the process, every time it develops; and more
methodologies. The project or research entitled Development
of a Prosthetic Arm Controlled by Electromyography (EMG)
Signals implemented the Agile approach. The methodology
was selected because it has more focus in the needs and
experiences of the user which issuer important in the creation
of the prosthesis which needs to be user friendly and
comfortable. The development methodology of agility enables
quick experimentation and testing of the concepts, and this is
crucial when developing a working and responsive prosthetic
arm. Moreover, such a methodology encourages the
interaction of multidisciplinary teams, where technical,
medical and experimental components are incorporated in the

product.
Review @ - @) Plan

Agile
methodology

@ Design

Deploy @

'\

~ (3@ Develop
J.asana

Fig. 1. The Agile methodology used to develop the EMG-controlled
prosthetic arm.

As shown in Fig. 1, the generational strategy includes six
major steps, planning, design, development, testing,
deployment, and review. The stages are one after another, as
each stage is achieved once done. Thus, the project
methodology" controlled prosthetic arm" will be the
following:

Planning: During this stage, key goals and needs of the
prosthetic arm will be established including what functions the
prosthetic arm will perform, technical limitations and budget.
Design: This step will be characterized by the design of the
specific arm where the hardware (sensors and controllers) and
the software that should be used to interpret the EMG signal
and translate it into movement instructions will be identified.
Development: This is the stage at which the prosthetic arm is
to be produced, as well as the software necessary to run the
arm. It will be concerned with the integration of the different
components and the system functioning as intended. Testing:
This stage will include running extensive tests on the
prosthetic arm to measure its reaction to the EMG signal,
confirmation of the precision of its motions, and a test of the
general dependability of the system Deployment: The tests
will be passed after which the prosthetic arm will be deployed
to be used by the target users. This can involve training and
technical support tasks. Review: Under this stage, the
functionality of the prosthetic arm will be reviewed and its
capability to address the needs of the users will be determined.
The areas that need improvement and future direction of
system development will be defined.

These phases give a methodological approach to the
development of an EMG-controlled prosthetic arm, which
guarantees the organization and overall systematic approach
to the achievement of the desired outcomes.

IV. SYSTEM DESIGN AND ARCHITECTURE

A. System Block Diagram

Fig. 2 shows the system block diagram of the proposed
design.

6-38rvo motor

MGH95

"""""""""""" ' I
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| ———————— (Putse Width Modulation)

Generation: Control signals (PWM)

Guidanee: Operating serve motors

Noise fittering

Preprocess the
EMG signal

electrodes

H124sGmuscle | _____
Sensor Surface o signat '
AN T

Fig. 2. System block diagram of the EMG-controlled prosthetic arm.

The block diagram aims at controlling a prosthetic hand
with the use of electromyography (EMG) signals. The primary
functional blocks include signal acquisition, signal processing,
a control algorithm, operation and feedback mechanism. This
system operates by recording the EMG signals produced by
the muscles of the user, processing them and outputting a
control algorithm to process the signals into commands to the
prosthetic hand. The prosthetic hand is then controlled in such
a way, and the feedback system feeds the user with real-time
information. Signal acquisition block records EMG of the
muscles of the user using surface electrodes. The signal
processing block converts the raw EMG signals to digital;
amplifies and filters noise in the signal and requests the control
algorithm to take the processed digital signal. The control
algorithm is labelled on the Raspberry Pi, and it activates the
corresponding commands of the prosthetic hand in response to
the processed EMG signals. The algorithm translates the
patterns of the EMG signal into movements, which may be an
opening or closing hand. These control commands are utilized
to make the 6-cylinder servo motor (MG995) move the
prosthetic hand. The feedback system gives the user the real
time feedback information and improves both the control and
usability of the prosthetic hand. Probably this feedback is
made available by sensors which track the position of the
prosthetic hand and the force applied to it. These functional
components are built together in the overall system to form a
prosthetic hand which the user can control with their own
EMG signals effectively creating a more natural and feel-like
interface.
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B. System Flowchart
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Fig. 3. System flowchart of the EMG-controlled prosthetic arm: (a)
initialisation and signal acquisition, (b) conversion and transmission, (c)
movement-type selection, and (d) grip execution and termination.

Fig. 3 shows the system flow chart. This is an example of
the multi-step operation of an EMG-controlled prosthetic arm
which is characterized by interaction with the system by the
user. First, the system records EMG signals produced by the
contraction of muscle of the user with electrodes placed on the
muscle. These signals are to begin with low and sometimes
non-existent. This process is followed by an amplification and
filtering process to weed out noise called noise and only a
given percentage of the signals can be used. This information
is then transmitted to a microcontroller (such as a Raspberry
Pi) that processes it, paying attention to the significant values
e.g. voltage level and contraction pattern. Based on this
analysis, the system gets in a simulation mode, the user can
carry out activities like opening or closing of the hand or
moving a joint. Simulation of these responses is then
transferred to control commands in the form of PWM signals
to servo motors (like the MG995), which in turn converts the
electrical signal to actual mechanical motion of the prosthetic
arm. Finally, a fundamental sensitivity is achieved and
reproduced many times with every signal of the organoids, and
it is possible to control the prosthetic arm continuously and
naturally. This consecutive series of blood flow of a human
body to the artificial arm is used to comprehend the
mechanism and the functioning of the system.

C. Requirements Analysis and Key Parameters

The mathematical system of the EMG-controlled
prosthetic arm system is based on the mathematical modeling
of the system that accurately and stepwise connects the
muscular activity of the user with the ensuing mechanical
action of the prosthetic arm. This association starts with the
bio-signals produced by muscle contraction. EMG signals
which are a measure of the amount of muscular effort are
recorded and then transformed into electrical signals which are
processed. The mathematical representation of these signals in

terms of amplification and filtering results to enhance the
quality of the signal and remove any unwanted noise. The
linear signal is then transformed into digital numbers on the
microcontroller by mathematical models of accuracy of analog
to digital converter (ADC) and reference voltage. The digital
values are employed to derive significant signal properties
including the strength of muscular activity that will be
compared with the control equations to produce the correct
PWM signal. Lastly, these equations are used to explain the
connection between the PWM signal and the rotation of the
servo motors to allow converting muscular signals into smooth
mechanical movement in proportion to the amount of force
being contracted. This mathematical model provides a good
and natural response in the prosthetic arm and makes it easier
to analyze, tune and optimize the performance of this system
to provide the best match between the user and the prosthetic
arm.

The hardware comprises a Raspberry Pi 3 control unit, an
H124SG surface EMG sensor operating over 10-500 Hz, an
ADSI1115 16-bit analog-to-digital converter, a PCA9685 16-
channel PWM servo driver, MG995 servo motors and the
prosthetic hand assembly. On the software side, the Raspberry
Pi OS hosts Python scripts developed in the Thonny IDE for
signal processing, threshold detection and PWM generation.

D. System Test Plan

Each functional unit of the EMG controlled prosthetic arm
was functionally tested to ensure that it works and operates as
expected. The purpose of the testing process was to make sure
that all the components of the hardware and software worked
properly, both separately and together. A number of test points
were in the system to record signals, voltages and control
output. The hardware obtained results were compared to the
desired design and simulation results to assess the
performance of the system.

Table 1II lists the hardware test plan, and Table III the
corresponding software test plan.

TABLE II. SYSTEM TEST PLAN FOR THE HARDWARE

‘What needs to be checked
and measured

Analog voltage when the
Muscle contraction or
relaxation

Digital values Confirmation
of change based on muscle

Test points Functional unit

The output of 1.Senser (EMG)
sensor (EMG) unit

ACD Output 2.conversion

. Via 12C (ADC) unit
signal
Accuracy in signal Basic code 3.process1ng
interpretation and speed of (Logic) (Raspberry pi3)

response unit
Ensuring the accuracy of
PWM signals output to the

servo when receiving Signal for 4.control

command from the Raspberry PWM (PCA9685) unit

Pi

Make sure the movement

(from 0 to 180 degrees) is 5. movement
The servos

smooth and flows smoothly
under load.

(servos) unit
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TABLE IIL. SYSTEM TEST PLAN FOR THE SOFTWARE
Expected results: The job of programming:
Receive the signal correctly Red the EMG signal

Remove noise and improve
signal

Identifying muscle contraction
Creating a correct PWM
signal

Servo response based on EMG

Processing signal

Threshold Detection

PWM generation

Controlling each of the servo

signal motors
All units work together System integration
correctly

The test points for software were based on the following:
checking the signal processing algorithm, muscle activity
recognition algorithm, PWM signal generation and the
compatibility between hardware and software.

V. IMPLEMENTATION AND RESULTS

This section discusses the simulation, testing, and
implementation of the EMG-controlled prosthetic arm using
Raspberry Pi. The system was designed to imitate the
movement of a natural human hand by detecting muscle
signals through EMG sensors and converting them into
movement commands for servo motors. The system was tested
in both software simulation and hardware implementation
stages to ensure accuracy, stability, and efficiency.

The hardware components used in this system were
carefully selected and assembled to meet the system
requirements. The main components include: a Raspberry Pi
3 main controller, a 16-channel PWM servo driver module, an
ADSI1115 16-bit analog-to-digital converter, an H124SG
EMG sensor and MG995 servo motors.

Fig. 4. Implemented system: (a) hardware components and prosthetic hand
assembly, and (b) circuit implementation showing the EMG sensor, ADC,
controller and servo driver connections.

Fig. 4 shows the assembled hardware and the
corresponding circuit implementation. The EMG-Controlled
Prosthetic Arm is composed of multiple integrated hardware
components that will be used to capture muscle signals,
interpret them, and use them to direct the motion of the
prosthetic arm. The sensor module processes the EMG signals
and feeds them to the main controller viz the Raspberry Pi
which in turn generates the appropriate control command to
the servo motors. Since the Raspberry Pi cannot handle input
directly from an analog signal, it uses the Analog-to-Digital
Converter (ADC) module to convert the analog signals from
the EMG sensor into digital signals for the Raspberry Pi. The
EMG sensor generates electrical signals from the muscle
contraction and converts it to analog voltage signals. The
signals are then fed into the ADC which converts them to
digital signals and sends them to the Raspberry Pi for
processing and analysis. The Raspberry Pi processes the
muscle activity detected, and outputs Pulse Width Modulation
(PWM) signals to the PCA9685 servo driver module. The
PCA968S5 is used to help provide stable, accurate PWM output
whilst minimizing the processing overhead on the Raspberry
Pi. Five MG995 servo motors are controlled by the driver, and
each motor operates a finger on the prosthetic hand. A separate

battery supply is used to power the servo motors to provide
ample power and avoid voltage fluctuations that could impact
the operation of the Raspberry Pi and sensors. The breadboard
is used to power the system and to create the necessary
electrical connections. Overall, the circuit can collect signals
from the muscles, convert them into digital information, and
generate accurate control signals for the prosthetic hand. The
circuit can measure the muscle signals, turn them into a digital
signal and produce accurate control signals to the prosthetic
hand that can simulate the movements of a human hand based
on the signals it receives.

Table IV compares the simulation and practical results for
each functional unit.

TABLEIV. COMPARISON OF SIMULATION AND PRACTICAL
RESULTS
Condition Practical result Simulation Functl.onal
result unit
The result Signal
Pass matches the detected Senser EMG
simulation result. successfully
Pass The noise was Noise Signal
reduced slightly. reduction processor
The result
Pass matches the Create a signal PWM
. . generation
simulation result.
The result The servo Controlling
Pass matches the movement is each of the
simulation result. correct. servo motors
The hand
movement is Hand
. System
Pass correct, with a movement . .
. integration
very slight correctly
slowness.

The results of the comparison between the simulation and
experimental results showed a good agreement between the
expected and actual performance of the system. Electrical
interference and mechanical tolerances in the motors
introduced some minor variations but did not greatly impact
efficiency of the system.

TABLE V. TEST CASES AT THE DEFINED TEST POINTS
Test cases . .
at test Design Value Simulation | Implemented
. value value
points
T1 EMG sensor 0-3.2 0-3.7
output voltage voltage voltage
T2 ADCDigital | 053 0-1018
Output
T3 PWM 50 Hz 50 Hz
Frequency
Servo Rotation
4 Angle
T5 Response Time 420ms 420ms

Fig. 5 shows the measurements taken at the defined test
points.

7§, L@ LEIGNELE1 S e srmes o
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Fig. 5. Measurement at the defined test points during hardware testing.
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The results obtained showed that the system implemented
shows satisfactory results, close to the expected design
parameters. The EMG sensor was able to detect the muscle
activities and produce the voltage levels into the desired
operating range. The ADC module precisely converted the
analog signal from the EMG to digital value which could be
used by Raspberry Pi 3 for processing.

The PWM signals generated were stable at 50 Hz
frequency which resulted in smooth functioning of the MG995
servo motors. Mechanical backlash and tolerances of the
motors caused some minor variations in the angular position
of the servos. But the overall performance of the prosthetic
arm was not significantly affected by these deviations.

The time lag between muscle activation and movement of
the finger was about 470ms, which is suitable for simple
applications of the prosthetic hand. The small delay was
primarily due to processing of signals and running of software
on the Raspberry Pi.

A. System Performance Characteristics

Table VI summarises the measured performance
characteristics of the implemented system.

TABLE VI SYSTEM PERFORMANCE CHARACTERISTICS
Parameter Measured Value Evaluation
Accuracy 95% GOOD
Response time 420ms ACCEPTABLE
Signal stability High GOOD
Servo Positioning 450 ACCEPTABLE
Accuracy
Power consumption VDCS5 EFFICIENT
Reliability 96%

Overall, the reliability and performance of the developed
prosthetic arm were found to be very good during the testing
process. It was found that the system could be used to interpret
the muscle signals and execute the finger movement
successfully with the accuracy of about 95%. The positioning
error of the servo was within the acceptable limit, and the
power consumption was relatively low using efficient
electronic components.

B. System Validation

Validation of the developed prosthetic arm was performed
for system validation to ensure that the developed prosthetic
arm meets the user requirements and goals. Complete system
validation was accomplished by testing the entire system
under various muscle contraction conditions.

Fig. 6 shows the functional testing of the assembled
prosthetic hand.

Fig. 6. Functional testing of the assembled prosthetic hand.

Table VII presents the validation results against each user

requirement.
TABLE VIIL. SYSTEM VALIDATION RESULTS

User Requirement Validation Method Result
Detect muscle activity EMG &gniszticqulsmon Pass
Cony e.:rt EMG signals ADC verification test Pass
to digital data
Control finger An operation test of the Pass
movement servo motor.
Real-time response Response time Pass

measurement
Reliable operation Contlnuotléss to peration Pass

The validation process ensured that the system created was
able to meet its intended purpose. The movement of the
muscle was correctly detected by the prosthetic hand and the
desired opening and closing movements were done. Hence,
the goals were met.

C. Critical Evaluation

The designed EMG controlled prosthetic arm is composed
of several functional units which are, EMG signal acquisition
module, signal processing unit, raspberry pi controller, PWM
generation unit, MG995 servo motors and Actuator (prosthetic
hand mechanism). The capabilities of each unit were measured
on the basis of reliability, accuracy, response time, power
consumption, safety and overall system performance.

The H124SG EMG sensor was able to successfully obtain
muscle activity data from the user's forearm and convert it into
electrical signals. The sensor showed good sensitivity values
in the operation frequency range from 10 Hz to 500 Hz. But
the signal reception was impaired by the location of the
electrodes, skin condition and external electromagnetic noise.
Further shielding methods and adaptive filtering methods can
be adopted to enhance the performance of this unit to
minimize the noise and maintain the stability of the signal.
Moreover, the multiple EMG channels configuration would
enhance the accuracy of gesture recognition and reduce the
signal variation among user than the single channel
configuration.

The signal processing stage amplified the EMG signal,
filtered it and converted it to digital signals before the
controller could interpret them. This stage drastically reduced
unwanted noise and motion artifacts, greatly enhancing the
quality of the signal. The filtering process improved the clarity
of the signal, but a delay in the filtering was noticed for quick
muscle contractions because of the process. Going forward,
the development of more sophisticated digital filters and
machine learning tools that can classify signals more
accurately and quickly in real time may be incorporated.

The Raspberry Pi 3 was used as the main processing device
to read EMG signals and send control signals. The controller
was capable of real-time control and was designed to allow
future incorporation of Al algorithms. Under normal operating
conditions the system reached a reliable condition. But, if you
are using more complex classification algorithms, CPU usage
can become higher. Programming techniques such as
interrupt-driven  programming and optimized software
architecture may be possible future improvements to enhance
timing precision and minimize processing delays.

Another main objective of the PWM control mechanism
was to convert the processed EMG signals into a servo motor
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movement, which was achieved successfully. Smooth finger
motion was achieved with the PWM signals generated, and
proportional movement was achieved as a function of the
intensity of contraction. However, due to wvariation of
mechanical load and tolerances of the servo motors, slight
deviations in motor responses were noted. Future design
changes to incorporate more precise PWM calibration and
closed loop feedback control to enhance positioning accuracy
and repeatability.

The fingers were actuated with enough torque using the
MG995 servo motors that were used for grasping the object.
The motors showed good functionality and acceptable
movement for everyday use in prostheses. Continuous
operation however can raise the temperature of the motor and
power consumption. Too much mechanical stress can shorten
the life of the motor as well. Future improvements involve the
use of higher efficiency (servo) motors and including power
efficient (servo) motors with integrated position feedback
Sensors.

The prosthetic hand was able to complete basic tasks like
opening and closing and grasping objects. The six-servo setup
was able to move fingers in a coordinated manner and prove
its functionality as basic Human actions. Although it is
operational, the mechanical design does not provide any
sensory feedback to the user and therefore the grip force is not
perceived well. The force sensors and tactile feedback systems
should be incorporated into the development in the future to
enhance usability and object handling performance.

The aims of the proposed idea outlined initially were
concerned with detecting muscle activity, processing the EMG
signal, generating PWM control signals and making
coordinated movements of the prosthetic hand. The design
system has been successfully implemented in achieving the
following objectives. The EMG sensor was able to capture
muscle contraction signals precisely and send them to the
Raspberry Pi. The six MG995 servo motors were coordinated
to move by using signal processing and PWM generation. The
hand was able to perform simple actions like grasping,
releasing and manipulating objects. The system performance
was compared with the pieces of the literature reviewed before
and was found to have similar performance compared to the
other available low-cost EMG prosthetic arms. The accuracy
for gesture recognition ranged from about 92.7% reported in
[12] to over 85% reported in [15]. The present system
executed the gestures correctly with satisfactory response for
basic hand functions with relatively lower implementation
cost. The average delay in muscle activation to motor
movement showed significant accuracy and was close enough
to fast enough to be considered near real-time control for user
interaction and to minimize the sense of delay.

Although the system was successfully implemented, a few
limitations and challenges were identified during testing.
Noise in the EMG signals was one of the major problems.
EMG signals are small amplitude signals and therefore very
vulnerable to electromagnetic interference and motion
artefacts. This sometimes made the detection of the signal
unreliable and was filtered with a further filter operation.

The system has proved to be reliable during the testing
period. The communication between EMG sensor, Raspberry
Pi and the servo motors remained stable and the system
consistently did the required hand movements without any
significant failures.

VI. CONCLUSION

In this research study, the design and implementation of an
EMG controlled prosthetic arm using Raspberry Pi 3 was
presented. The developed system was able to successfully
capture muscle signals with the HI2SG EMG sensor, convert
the analog signals to digital signals using the ADS1115 ADC
module, and process the digital signals with the Raspberry Pi
controller. The muscle activity detected was used to generate
control signals to control four MG995 servos which move the
prosthetic fingers.

The aims set at the start of the study were met in the
successful implementation of the research idea. The system
could identify the muscle movements, analyze the EMG
signals and convert them to the corresponding hand
movements. Experimental tests showed that it was accurate,
responsive and reliable.

The results achieved proved that the suggested system is
an effective and inexpensive solution for the control of
prosthetic hand. By combining EMG sensing and Raspberry
Pi control of a servo motor, a functional prototype device was
developed which can help people with upper-limb disabilities.
Overall, it was shown that EMG signals are a feasible
approach for controlling prosthetic devices.

VII. FUTURE WORK

The developed system has met its goals but there are still
some improvements that can be considered for future work to
improve the performance and functionality of the system.

Furthermore, the number of EMG sensors for better
motion detection, and for more accurate finger control. Use
advanced signal processing and machine learning algorithms
to detect a broader set of hand gestures. Develop a complete
set of engineered articulated prosthetic fingers that can be
controlled independently. Enhance the mechanical structure:
utilize lightweight and durable materials for enhanced user
comfort. Implement wireless communications systems for
remote monitoring and control (e.g., Bluetooth or Wi-Fi).
Improve the use of power resources to maximize battery life
and system efficiency. Run more clinical tests with more users
to assess the system's performance and usability in more
typical environments. The system can be further enhanced in
future developments to realize more sophisticated prosthetic
solutions with enhanced accuracy, reliability and usability
when providing complex hand motion.

These directions are consistent with trends reported in
recent literature, where multi-channel acquisition, adaptive
classification and closed-loop sensory feedback are identified
as the principal routes to improving low-cost myoelectric
prostheses [11], [12].
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