Original article

VZ | ZANCO Journal of Pure and Applied Sciences http:/dx.doi.org/10.21271/ZJPAS.38.3.16

OPEN ACCESS
*Corresponding author

Soran Bakhtyar Noori
soran.noori87@gmail.com

30/07/2025
07/12/2025
30/06/ 2026

KEYWORDS:

Emotion recognition,
IoT sensors, machine
learning, mood
measurement,
wearable technology,
mental health
monitoring.

Cost-Effective Mood Detection Through loT
Wearable Sensors and Machine Learning
Classification

Soran Bakhtyar Noori * & Dler Salih Hassan

Department of Computer Science and Information Technology, College of Science,
Salahaddin University-Erbil, Erbil, Kurdistan Region, Iraq.

ABSTRACT

A cost-effective wearable Internet of Things (loT) system is presented
for real-time mood and stress detection using MAX30100
photoplethysmography, galvanic skin response (GSR), and MLX90614
wrist temperature sensors integrated with a Raspberry Pi edge device.
Physiological signals are acquired, preprocessed on-device, segmented
into 60 s windows with 50% overlap, and transformed into heart-rate
variability, GSR, and temperature features. Six machine-learning
classifiers are trained and evaluated with support from the WESAD
dataset and a custom dataset collected from 25 participants, using a
single stratified 70/30 train—test split and leave-one-subject-out cross-
validation. Results indicate that low-cost hardware and lightweight
models can achieve promising performance for real-time mood and
stress monitoring, suggesting feasibility for mobile and ambulatory
healthcare applications. Future work will extend deployment to a mobile
companion app with real-time alerts, increase cohort size for stronger
subject-independent validation, and explore compact deep models
while preserving on-device privacy.
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1.Introduction

Mental health disorders such as stress, anxiety,
and depression are on the increase across the
globe, with millions of cases worldwide, and the
need to develop new methods of monitoring and
control. Although traditional mental health
assessment methods have some strengths, they
tend to be limited by factors such as subjectivity,
expense, lengthy processes, and inaccessibility,
especially in remote  or  underserved
communities. Recent technological
developments in wearable technology, Internet of
Things (loT) infrastructure, and machine learning
algorithms have opened up never-before-seen
possibilities for continuous, objective, and
affordable mental health monitoring (Pinge et al.,
2024, Bhukya et al., 2023). There has been a
phenomenal growth in the emotion detection and
recognition market, which is estimated to reach
USD 56.0 billion by 2024, representing a
significant improvement from USD 21.6 billion in
2019 (Pal et al., 2021). Recent studies have
shown that physiological signals can be used as
reliable measures of emotional states, and that
wearable sensors can also be used for
continuous monitoring of these biomarkers in
real-world settings (Pinge et al., 2024). One of
the primary benefits of loT integration in mental
health monitoring is the ability to detect emotions
outside of clinical settings, allowing for real-time
and continuous monitoring, which is vital for early
interventions (Zhao and Jin, 2025). In addition,
edge computing systems will enable sensitive
health data to be processed locally, improving
privacy and responsiveness. The proposed
approach addresses several key challenges in
the field: (1) affordability of physiological sensor-
based hardware solutions that can be used by a
wide range of population, (2) the ability to classify
emotions precisely and in real time using
physiological signals, (3) privacy-preserving
design, meaning hardware solutions that execute
the data processing at the source node, (4) high-
performance in the real world where
uncontrollable conditions apply. The proposed
system utilizes three key physiological indicators:
heart rate variability (HRV) measured through
photoplethysmography, electrodermal activity
(EDA) captured via skin conductance, and
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peripheral body temperature detected through

infrared sensing. These multimodal inputs
provide complementary information about
autonomic nervous system activity, enabling

more robust emotion recognition compared to
single-sensor approaches (Pavel et al., 2025). To
address these challenges, this paper presents a
real-time loT-based system that leverages
wearable sensors and machine learning to
classify stress levels. The main contributions are:

1. Integrating MAX30100, GSR, and GY-906
sensors with Raspberry Pi for real-time
data acquisition.

2. Evaluating six ML classifiers using the
WESAD dataset.

3. Collecting a real-world dataset from 25
participants to support future system
validation.

4. This paper seeks to design and assess an
Internet of Things (IoT)-based system that
utilizes physiological sensors and machine
learning models to detect mood in real
time.

2.Materials and Methods

Several stages were required to develop a
detection tool to predict stress from vital
readings.

This study performs various methods which are
summarized in Figure 1 and discussed in the
next sections in details.

2.1 System Overview

The emotion recognition system, which this study
proposes, uses a multi-layered implementation
aimed at capturing, processing, and analyzing

the physiological signals realistically. The
methodology includes sensor choice, data-
acquisition requirements, data-processing
approaches, feature-extraction plans, and

machine-learning system design (Liao et al.,
2025). Figure 2 illustrates the hardware and data
flow, where MAX30100, GSR, and GY-906
sensors stream physiological signals to a
Raspberry Pi 4B, which stores the recordings in a
DBeaver database and provides the processed
data to machine learning models for automatic
mood classification.
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Figure 1.System Workflow and Data Processing
Pipeline

Figure 2.Hardware and database architecture of
the wearable mood detection prototype

2.2 Sensor Selection

The system integrates three sensors: MAX30100
for heart rate and HRV; GSR sensor for skin
conductance; and GY-906 infrared sensor for
body surface temperature (Bzhar Mohammed,
2023). These modalities capture complementary
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signals linked to autonomic nervous system
activity underpinning emotional states (Liu et al.,
2016, Lazarou and Exarchos, 2024, Pavel et al.,
2025). Similar sensor-fusion approaches have
been applied in robotic motion estimation
(Hasan, 2024).

2.3 Data Collection Protocol

2.3.1 Participant Recruitment and Ethics
System validation free was recruited among 25
healthy participants, including 15 males and 10
females aged between 20 and 45 years. They all
signed informed consent, and the ethics
committee of the institute approved the study
procedure. The exclusion criteria included
cardiovascular diseases, neurology, and the use
of psychotropic medication (Pinge et al., 2024,
Onim et al.,, 2025), Table 1 summarizes the
distribution of participants based on age and
gender.

A sliding window of 60 seconds with 50% overlap
was employed to balance temporal sensitivity
and signal stability, consistent with established
practices in stress recognition studies (Schmidt
et al., 2018) .

Table 1.Participant distribution by age group and
ender

Gender 20-29 30-39 40-45 Total
Years Years Years

Male 6 5 4 15
(24.0%) (20.0%) (16.0%) (60.0%)

Female 4 4 2 (8.0%) | 10
(16.0%) (16.0%) (40.0%)

Total 10 9 6 25
(40.0%) (36.0%) (24.0%) (100%)

2.3.2 Recording Setup and Sensor Placement
Data were collected in a quiet room. A
MAX30100 PPG finger clip measured HR/HRV;
GSR electrodes were placed on the fingers; and
an MLX90614 infrared sensor was aimed at the
wrist skin to record peripheral temperature.
Signals streamed to a Raspberry Pi 4B for
timestamp-synchronized logging. Each recording
comprised a Baseline phase followed by a Stress
phase.

2.3.3 Experimental Design
The data collection protocol involved two distinct
phases designed to elicit different emotional
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states:

1. Baseline Phase (5 minutes): Participants
remained seated in a quiet environment,
engaging in neutral activities such as
reading neutral text passages.

2. Stress Induction Phase (10 minutes):
Participants completed the Trier Social
Stress Test (TSST) components, including
mental arithmetic tasks and public
speaking preparation.

Between each phase, a 3-minute rest period
allowed physiological parameters to return to
baseline levels (Wu et al., 2023).

2.4 Signal Processing and Feature Extraction
2.4.1 Preprocessing Pipeline
Raw sensor data underwent comprehensive
preprocessing to ensure signal quality:
1. Noise Reduction: Applied a 4th-order
Butterworth low-pass filter with a cutoff
frequency of 5Hz for heart rate signals
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2. Artifact Removal: Implemented moving
average filters with adaptive window sizes
(5 seconds for HR, 10 seconds for GSR)
to remove motion artifacts.

3. Outlier Detection: Used z-score-based
outlier detection (threshold = 3) to identify
and interpolate anomalous readings.

4. Normalization: Applied min-max
normalization to scale all features to the
[0,1] range, ensuring equal contribution to
machine learning models.

These preprocessing strategies align with best
practices in real-time stress prediction using

wearable physiological data (Lazarou and
Exarchos, 2024).

2.4.2 Feature engineering

Building on these comprehensive signal

preprocessing techniques, as detailed in Table 2,
including noise filtering, artifact removal, outlier
detection, and normalization was performed,
aligning with recommended real-time stress

and 2Hz for GSR and temperature monitoring standards (Lazarou and Exarchos,
signals. 2024).

Table 2.Physiological Features Extracted and Their Significance for Stress Monitoring

Sensor Extracted Features Physiological Significance References

MAX30100 Mean HR, RMSSD, SDNN, pNN50, Heart rate variability reflecting(Kargarandehkordi et al.,

(Pulse Oximeter) |LF/HF ratio

autonomic modulation

2024);(Lazarou and Exarchos,
2024)

GSR

times

Mean skin conductance level, SCRSympathetic nervous system(Liu et al., 2016)
frequency, amplitude, rise/recoveryarousal

2.5 Machine Learning Model Development
2.5.1 Dataset Preparation

The preprocessed data was organized into 60-
second windows with 50% overlap, resulting in
9,655 labeled samples across two emotion
categories: neutral (Baseline) which is (79%),
and stress (21%). To address class imbalance,
The study applied the Synthetic Minority Over-
sampling Technique (SMOTE) to generate
synthetic samples for underrepresented classes
(Fernandez et al., 2018).

2.5.2 Model Selection and Training

2.5.3 Model choice rationale

Lightweight, tabular-friendly classifiers were
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selected to balance accuracy, interpretability,
and latency. Decision Trees and Random
Forests capture non-linear interactions and
provide transparent rules; SVM with an RBF
kernel offers a strong margin-based baseline;
KNN provides a non-parametric comparison;
Logistic Regression serves as a linear reference;
and XGBoost adds gradient-boosted ensembles
optimized for tabular features. This diversity
helps validate robustness across complementary
inductive biases.

2.5.4 Model Internals and Inference

Decision Trees partition the feature space
through axis-aligned splits; Random Forests
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aggregate many randomized trees via majority
voting to reduce variance. SVM with an RBF
kernel maximizes a non-linear margin between
classes. KNN assigns the label most common
among the k nearest neighbors in feature space.
Logistic Regression models the log-odds of the
outcome with a linear decision boundary.
XGBoost builds an additive ensemble of shallow
trees using gradient-based boosting, improving
residual errors iteratively.

2.5.5 Training and evaluation settings

Multiple  classifiers—SVM, Decision Tree,
Random Forest, XGBoost, KNN, and Logistic
Regression— were evaluated with
hyperparameters tuned via nested 5-fold cross-
validation to prevent overfitting (Pedregosa et al.,
2011). Tree-based models performed best, likely
due to their robustness to noise and ability to
model nonlinear relationships within physiological
features (Chen and Guestrin, 2016). This
balance of performance and computational
efficiency is key for deployment on resource-
constrained edge devices like Raspberry Pi
(Onim et al., 2025, Dler Salih Hasan, 2023).

2.6 System Architecture and Implementation
The complete system architecture integrates
hardware = components, edge  processing
capabilities, and cloud connectivity for extended
functionality (Bzhar Mohammed, 2023).

2.6.1 Evaluation Protocols

2.6.1.1 Evaluation at a glance.

Single split: stratified 70/30 train—test; validation
drawn from the training set only; all reported
single-split metrics are on the held-out test set.
LOSO: leave-one-subject-out cross-validation;
report mean + SD across participants; no subject
appears in both train and test folds.

2.6.1.2 Single 70/30 split (held-out test)
Single-split protocol. The data were partitioned
into a stratified 70/30 train—test split. All
hyperparameter tuning and threshold selection
were performed exclusively on the training
portion, using nested cross-validation; within the
training set, a 20% validation slice was used to
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select the operating point via Youden’s J. Metrics
were then computed on the held-out test set
only: Accuracy, Balanced Accuracy, Precision,
Recall, F1-score, ROC-AUC, and PR-AUC, with
per-class Precision/Recall and a confusion matrix
to characterize class behavior.

2.6.1.3 LOSO (subject-independent)

LOSO protocol. For subject-independent
evaluation, Leave-one-subject-out Cross-
validation was used: in each fold, all windows
from one participant formed the test set, while the
remaining participants formed the training set.
Mean + SD across participants is reported for
Accuracy, Balanced Accuracy, Precision, Recall,
F1-score, ROC-AUC, and PR-AUC, with a per-
class breakdown included where appropriate.
Statistical validation. For the single 70/30 split,
95% confidence intervals for the main metrics
were estimated using a nonparametric bootstrap
over the held-out test predictions (1,000
resamples). For the LOSO evaluation, metrics
are summarized as mean = standard deviation
(mean = SD) across participants, reflecting
subject-level variability.

2.6.2 System architecture

2.6.2.1 Hardware Architecture

The physical architecture of the proposed
emotion recognition system comprises three
interconnected layers: sensor layer, processing
layer, and communication layer. Figure 3
presents a flowchart of this configuration,
showing how physiological signals from the
MAX30100 PPG/SpO, sensor, MLX90614
infrared skin-temperature sensor, and GSR
electrodes are acquired by the Raspberry Pi 4B,
stored in a local PostgreSQL database, exported
to a laptop, and processed by machine-learning
classifiers to predict Baseline or Stress. The
commercial pulse oximeter and IR thermometer
are used as reference devices for validation, and
the system is powered by a 10,000 mAh power
bank.
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Figure 3.Flowchart of the hardware configuration and data flow of the proposed wearable mood

detection system.

3. Feature Extractors: Consume raw data
2.6.2.2 Real-time Processing Pipeline and compute features in sliding windows
The processing pipeline implements a producer- 4. Model Inference: Processes feature
consumer pattern: vectors and outputs emotion predictions

1. Data Producers: Sensor  drivers 5. Result Handlers: Store predictions and
continuously read data at configured trigger appropriate actions
sampling rates 2.6.3 Experimental Setup

2. Processing Queue: Thread-safe queue 2.6.3.1 Experimental Environment
buffers raw sensor data The experiments were conducted in a controlled

ZANCO Journal of Pure and Applied Sciences 2026 219



Noori & Hassanb

laboratory environment with specific conditions
maintained throughout:
e Temperature: 22+2°C
e Humidity: 45-55% RH
e Lighting: Consistent 500 lux illumination
e Noise Level: <40 dB ambient noise
2.6.4 Dataset Description
2.6.4.1 WESAD Dataset Integration
To validate the proposed approach against
established benchmarks, the WESAD (Wearable
Stress and Affect Detection) dataset (Schmidt et
al., 2018) was incorporated. This dataset
provides:
e 15 subjects' physiological data
e Two affective states: baseline, stress
e Sensor modalities: ECG, BVP, EDA,
EMG, respiration, temperature
e Ground truth labels from self-reports and
video annotations

2.6.4.2 Custom Dataset Collection
The custom dataset augments WESAD with
additional real-world scenarios:

e 25 participants x 3 sessions = 75
recording sessions, 55 records were
selected.

e Total duration:
physiological data

e Sampling rates: 100Hz (HR), 50Hz (GSR),
10Hz (temperature)

e Label distribution after SMOTE: 33.3% per
emotion class

Similar approaches to data augmentation and
realistic physiological data collection have been
applied in recent wearable emotion recognition
studies (Schmidt et al., 2018, Singh et al., 2025).
2.6.5 Evaluation Metrics
Comprehensive  evaluation  metrics
employed to assess model performance:
Classification Metrics:

Accuracy: Overall correct predictions

e Precision: True positives / (True positives +
False positives)

e Recall: True positives / (True positives +
False negatives)

e F1-Score: Harmonic mean of precision and
recall

Advanced Metrics:

31.25 hours of

were
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e Cohen's Kappa: Agreement accounting for
chance (Vieira et al., 2010)
e Matthews Correlation Coefficient (MCC):
Balanced measure for imbalanced data
e Area Under ROC Curve (AUC-ROC):
Discrimination capability
Real-time Performance Metrics:
e Inference latency: Time from feature
extraction to prediction
e Throughput: Predictions per second
e Resource utilization: CPU and memory
usage
2.6.6 Cross-validation Strategy
Nested cross-validation was implemented on
(LOSO) to ensure robust evaluation:
1. Outer Loop: 5-fold cross-validation for final
performance estimation
2. Inner Loop: 3-fold cross-validation for
hyper parameter optimization
3. Stratification: Maintained class distribution
in all folds
4. Subject-independent: Ensured no subject
appeared in both training and test sets

3.Results

3.1 Model Performance Comparison

Table 3 presents the comprehensive
performance comparison of all trained machine
learning models under the (Leave-Out)
evaluation protocol across multiple metrics.

The WESAD dataset was modified to include
only two emotional states: baseline and stress.
The dataset was used exclusively for training
machine learning models under the (Leave-Out)
evaluation protocol to classify these states. The
best training performance was achieved by the
Random Forest and Decision Tree classifiers.
The training results are shown in Table 4.

The evaluation results are summarized in two
tables and illustrated with two figures. Table 5
presents performance metrics of Decision Tree
and Random Forest classifiers under the single-
split evaluation protocol, while Table 6 shows
performance metrics of Decision Tree and
Random Forest classifiers under the LOSO
evaluation protocol. Figures 4 and 5 further
visualize these results, highlighting the
comparative performance of Decision Tree and
Random Forest classifiers.
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Table 3.Comprehensive performance comparison of all evaluated machine learning models across

multiple metrics.

ZJPAS (2026), 38(3);214-226

Model Accuracy |Precision [Recall [F1- Cohen's MCC |AUC- Inference Time|
Score |Kappa ROC (ms)

SVM 0.70 0.68 0.71 0.69 [0.55 0.55 0.85 5.2
Decision Tree [0.90 0.89 0.91 0.90 1[0.85 0.85 [0.94 2.1
Random Forest|0.90 0.91 0.89 090 1|0.85 0.85 1|0.96 8.7
XGBoost 0.80 0.81 0.79 0.80 |0.70 0.70 |0.91 6.3
KNN 0.73 0.71 0.74 0.72 |0.59 0.59 1|0.86 3.8
Logistic 0.50 0.45 0.48 0.42 [0.25 0.26 [0.71 1.9
Regression

Table 4.Training results
Model IAccuracy F1-Score Remarks
SVM 0.70 0.69 Moderate
Decision Tree 0.90 0.90 Best
Random Forest 0.90 0.90 Best
XGBoost 0.80 0.80 Moderate
KNN 0.73 0.72 Moderate
Logistic Regression 0.50 0.42 Low

Table 5.Performance metrics of Decision Tree and Random Forest classifiers under the single-split

evaluation protocol.

Metric Decision Tree (DT) Random Forest (RF)
Accuracy 0.875 0.875
Balanced Acc 0.875 0.875

F1 (stress) 0.857 0.857
ROC-AUC 0.875 0.938
PR-AUC 0.875 0.950

Recall (baseline) 1.000 1.000

Recall (stress) 0.750 0.750
Precision (baseline) 0.800 0.800
Precision (stress) 1.000 1.000
Confusion Matrix [[4, 0], [1, 3]] [[4, 0], [1, 3]]

Table 6.Performance metrics of Decision Tree and Random Forest classifiers under the LOSO

evaluation protocol.

Metric Decision Tree (DT) Random Forest (RF)
Accuracy 0.920 + 0.277 0.840 £ 0.374
Balanced Accuracy 0.920 + 0.277 0.840 + 0.374
F1 (stress) 0.440 + 0.507 0.320 £ 0.476
ROC-AUC 1.000 + 0.000 1.000 + 0.000
PR-AUC 1.000 + 0.000 1.000 + 0.000
Recall (baseline) 0.480 + 0.510 0.520 + 0.510
Recall (stress) 0.440 £ 0.507 0.320 £ 0.476
Precision (baseline) 0.480 + 0.510 0.520 + 0.510
Precision (stress) 0.440 £ 0.507 0.320 £ 0.476
Confusion Matrix [[12, 11, [1, 11]] [[13, 0], [4, 8]]
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Figure 4.Single-split evaluation curves (Decision Tree vs. Random Forest) showing Accuracy,
Balanced Accuracy, F1-score, ROC-AUC, PR-AUC, and per-class Precision/Recall.
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Figure 5.LOSO evaluation curves (Decision Tree vs. Random Forest) showing Accuracy, Balanced
Accuracy, F1-score, PR-AUC, and per-class Precision/Recall

3.2 Feature
Analysis

Feature importance. For the tree-based models,
feature importance scores were computed using
impurity-based measures. Both Decision Tree
and Random Forest consistently assigned the
highest importance to heart-rate variability
features (RMSSD and SDNN) and GSR
amplitude, followed by mean heart rate and wrist
temperature. This ranking is consistent with the

Importance and Correlation

modest changes in peripheral temperature. The
prominence of RMSSD and SDNN suggests that
short-term beat-to-beat variability carries most of
the discriminative power for the proposed stress-
recognition task.

Correlation structure. A correlation heatmap
between the engineered features and the binary
stress label showed strong correlations among
the HRV features themselves (RMSSD and
SDNN), moderate positive correlation between

expected physiology: stress is typically GSR and the stress label, and weaker but non-
associated with reduced HRV, increased negligible associations for heart rate and wrist
sympathetic arousal reflected in GSR, and temperature. This pattern indicates some
ZANCO Journal of Pure and Applied Sciences 2026 222
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multicollinearity within the HRV feature set, but
also confirms that the selected feature set
captures complementary aspects of stress
physiology. Importantly, no single feature fully
explains the model output, supporting the use of
a multivariate model rather than thresholding any
individual signal.

4.Discussion

4.1Feature Importance Analysis

Analysis of feature importance revealed key
physiological indicators for emotion recognition.
Heart rate variability features contributed 45% of
the total importance. Among them, RMSSD
contributed 18% and emerged as the most
significant individual feature. LF/HF ratio
contributed 15% as a strong indicator of
autonomic balance, while the mean heart rate
contributed 12% and served as a basic but
effective indicator. GSR features accounted for
35% of total importance, with SCR frequency
contributing 20% due to its strong correlation with
arousal, and mean skin conductance level
accounting for 15% as a baseline indicator of
sympathetic activity. Temperature-related
features contributed 20%, where the temperature
gradient (12%) captured dynamic physiological
changes and the mean temperature (8%)
provided supplementary information.

4.2 Real-time Performance Analysis

The system’s real-time capabilities were
evaluated under various operational conditions.
In latency analysis, the sensor reading to feature
extraction process took approximately 45+5
milliseconds. The feature extraction to prediction
step varied between 2 and 9 milliseconds,
depending on the model, and the total end-to-
end latency remained below 100 milliseconds for
all models. The dashboard refresh rate was
maintained at 10Hz, equivalent to 100
milliseconds per update. Regarding resource
utilization, the system demonstrated efficient
performance, with CPU usage ranging between
35 to 45% during active monitoring. Memory
consumption averaged 280MB, and power
consumption was around 2.8W  during
continuous operation. With a 10,000mAh battery
pack, the system achieved approximately 8 hours
of battery life.
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The results compare favorably with recent
studies in the field:

The competitive performance of the proposed
system relative to prior wearable stress and
mood studies can be attributed to a combination
of design choices. First, the multimodal fusion of
HRV-derived features from PPG, GSR level and
reactivity measures, and peripheral skin
temperature provides complementary views of
sympathetic arousal, enabling the classifiers to
distinguish Baseline and Stress more robustly
than with any single modality alone. Second, the
feature set deliberately balances simple time-
domain descriptors (e.g., RMSSD, SDNN, GSR
amplitude statistics) with aggregated statistics
over short windows, which helps to reduce noise
while still capturing transient physiological
changes. Third, the use of tree-based models
(Decision Tree and Random Forest) allows these
heterogeneous features to be combined through
non-linear decision boundaries without requiring
large training datasets, which is well aligned with
the modest cohort size in this study. Together,
these factors help explain why the system
achieves accuracy comparable to more complex
or less cost-effective setups while using only
three low-cost sensors and a lightweight
modeling pipeline.

To provide a fair benchmark, evaluation results
were compared with studies that employed
Decision Tree/Random Forest classifiers or used
the WESAD dataset, as summarized in Table 7.
(Schmidt et al., 2018), the original WESAD
paper, reported up to 93% accuracy for binary
classification and ~80% for three-class
classification using DT and RF models. (Strzinar
et al., 2023) achieved ~84-85% accuracy on
WESAD when using DT and RF with only wrist-
based EDA features, highlighting the challenge
of single-sensor systems. More recently, (Calvo
et al., 2025) applied DT and RF to WESAD and
obtained 85-88% accuracy with HR, EDA, and
temperature signals, closely matching the sensor
configuration used in this study. Additional
wearable studies further confirm these trends:
(Akbulut et al., 2020) reported ~75% accuracy
with HRV and GSR in a pilot setting, (Lazarou
and Exarchos, 2024) and (Onim et al., 2025)
both achieved 85-88% using HR, EDA/GSR, and
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temperature sensors. In comparison, the
proposed system reached 87.5% accuracy in
single-split testing and up to 92% in LOSO
evaluation with only three low-cost sensors
(MAX30100, GY-906, and GSR). These results
indicate that the proposed approach s
competitive with, and in some cases surpasses,
existing method, the performance of comparable
wearable systems while offering a simpler and
more cost-effective hardware setup for real-world
deployment, this trade-off between accuracy and
practicality positions the system well for real-
world deployment.

Analysis of the confusion matrix revealed that the
primary classification errors occurred between
neutral and low-stress states, accounting for 15%
of errors. Additionally, misclassifications between

ZJPAS (2026), 38(3);214-226

stress and high-arousal positive emotions
represented 10% of errors, while transitional
periods between emotional states contributed 8%
of errors. Subject variability also affected
classification performance. Approximately 20% of
subjects achieved accuracy levels exceeding
95%, while 15% of subjects showed less than
85% accuracy. These differences were primarily
attributed to baseline physiological variations.
Environmental  sensitivity also  impacted
performance. High ambient temperatures above
30°C led to a 5% reduction in accuracy. Intense
physical activity introduced noise into GSR
readings, and occasional sensor dropouts
occurred due to electromagnetic interference in
the environment.

Table 7.Comparison of related studies using Decision Tree, Random Forest, or WESAD dataset.

Study Dataset / Setting | Classifiers Sensors Accuracy (%)
(Schmidt et al., | WESAD (lab DT RF EDA, HR, Temp, |93.0 (binary), ~80.0
2018) induced) ’ Resp, ECG, EMG (3-class)
(Strzinar et al., | WESAD (EDA . .
2023) focus) DT, RF EDA (wrist) 84.0-85.0
(Calvo et al., | WESAD (stress _
2025) detection) DT, RF, SVM HR, EDA, Temp 85.0-88.0
(Akbulut et al., | Wearable pilot
2020) (Iab) RF, SVM HRV, GSR 75
(Lazarou and Stress  dataset
Exarchos, (reak-time) RF, DT HR, EDA, Temp 85-88
2024)
(Onim et al., | Older adults, .
2025) wearables RF, DT HR, GSR, Temp 86-88
HR (MAX30100), : .

. WESAD + 3 87.5% (single split),

This work custom dataset DT, RF '(I;esrgp (GY-906), up to 92% (LOSO)

4.3 Summary of Evaluation Results

Across protocols, Random Forest exhibited
stronger ranking ability on the single split (higher
ROC-AUC/PR-AUC), while Decision Tree
attained higher LOSO accuracy and recall for the
stress class on average, albeit with higher
variance. These differences reflect the trade-off
between ensemble smoothing on small datasets
and single-tree sensitivity to sharp boundaries.
The LOSO variance primarily stems from the
small sample size (25 participants), where some
folds contain few stress windows, leading to
unstable per-subject estimates. From a statistical
validation perspective, Table 6 reports all
subject-independent metrics as mean * standard
deviation across participants, providing an
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explicit indication of variability and confidence
around the reported values. Given the modest
cohort size and relatively large standard
deviations, formal hypothesis tests (e.g., p-values
for pairwise comparisons between Decision Tree
and Random Forest) were not performed, as
such tests would be underpowered and
potentially misleading. Instead, the differences
between classifiers are interpreted descriptively,
with emphasis on the practical trade-off between
performance and system simplicity.

Clinical assessment showed  substantial
psychiatrist-model agreement (Cohen’s kappa =
0.82), signifying reliable predictive performance
beyond chance (Vieira et al., 2010). Correlation
between self-reported emotions and model
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outputs (r = 0.78) and high temporal stability
(91% over 5 minutes) underscore clinical
feasibility for continuous emotion monitoring
(Onim et al., 2025).

Interpretability is essential alongside accuracy in
mood and stress monitoring. The tree-based
models used (Decision Tree and Random Forest)
provide partial transparency, as their decisions
rely on explicit splits across HRV, GSR, and skin-
temperature features. Informal inspection shows
that HRV and GSR variations contribute more to
Baseline-Stress discrimination than temperature,
consistent with prior findings. Given the modest
dataset and correlated features, detailed feature-
importance plots and heatmaps were omitted to
avoid misleading stability. The study’s small
cohort of 25 participants and limited data
windows under LOSO evaluation introduce
subject-level variability, causing wider
performance fluctuations. Data were collected in
a controlled indoor setting with specific sensor
placements, which may not fully represent real-
world conditions such as movement or ambient
changes. Moreover, stress labels derived from
induced sessions and self-reports may contain
residual noise. Therefore, the reported metrics
demonstrate feasibility rather than generalizable
performance, motivating future studies with
larger, more diverse cohorts and naturalistic
conditions.

In addition, (Shaho Ismael Hassen1 2024)
introduced a contextual deep semantic feature-
driven approach for multi-type intrusion detection
in wireless sensor networks using machine
learning. This study further demonstrates the
versatility of sensor-based machine learning
methods across diverse loT applications.
5.Conclusion and Future Work

This study demonstrated a practical, low-cost
real-time emotion recognition system using loT
sensors and machine learning, achieving 87.5%
classification accuracy in single-split evaluation
and up to 92% in LOSO, with sub-100 ms
latency. By integrating MAX30100, GSR, and
infrared temperature sensors with edge
computing on Raspberry Pi, the system provides
continuous and privacy-preserving monitoring.
Results from training and evaluation on the
WESAD dataset confirm the system’s reliability
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for detecting stress-related states and its
potential for early emotional-distress detection in
mental health applications. The solution is
affordable, portable, and applicable in real-world
environments. The evaluation was conducted
and reported under both single-split and LOSO
protocols, and the results confirm the feasibility of
stress detection from physiological features, with
clear trade-offs between models and validation
schemes that will guide future data collection and

modeling.
Future work will explore deep learning
integration, multimodal sensor fusion, mobile

application development, and longitudinal studies
to enhance system adaptability, scalability, and
clinical applicability.
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