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Artificial intelligence (Al) has contributed to the development of
autonomous systems in the healthcare field by integrating machine learning
models, whose evaluation on resource-limited hardware devices is important
to ensure their efficiency. This research evaluates the performance of
classification models in edge computing (EC) systems, considering metrics
such as accuracy, latency, memory consumption, and energy efficiency on
low-power microcontrollers using TinyML techniques. The processes
involved include the development, implementation, and testing of algorithms
on embedded hardware using differentiated preprocessing techniques and the
validation of hypotheses through statistical analysis. The results show that
the decision tree (DT) model is more efficient in terms of prediction time
and energy consumption, while random forests (RFs) stand out for their
greater accuracy. Furthermore, memory analysis reveals that models based
on fully connected neural networks are more efficient in terms of RAM
usage. This provides guidelines for selecting algorithms in resource-
constrained environments.
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1. INTRODUCTION

The growth of technologies related to edge computing (EC) and artificial intelligence (Al) has
allowed the development of intelligent systems for applications in the health area, contributing to the
prediction of diagnosis where the evaluation of the behavior of prediction models [1], [2] in the devices is
critical [3]. In this context, EC emerges as an alternative for the integration of Al algorithms in hardware
devices with limited resources, considering metrics such as energy consumption [4]. For example, during the
COVID-19 pandemic, many patients with high-risk signs [5], [6] were isolated without receiving continuous
health monitoring [7], [8].

There are problems related to continuous health monitoring, related to constant readings and
medical intervention, affecting the quality of patient treatment [3], [9]. In this context, data transfer in
internet of things (10T) solutions generates high latency times and energy consumption [2], [10], which is
critical in applications such as the detection of arrhythmias in patients [7], [11], making it necessary to
improve the scalability of hardware devices with integrated algorithms [4]. In relation to the technological
problem, there is a need to integrate sensors and neural network models into mobile devices [9], [12], making
it necessary to evaluate the behavior of the models [8], [13]. Furthermore, the integration of Al requires the
evaluation of accuracy, resource consumption and response time [6], [14].
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The literature review describes research that seeks to improve the continuous measurement of
physiological variables [9], [15] where some works propose cloud, fog and EC architectures to optimize
decision making [5], [8] related to the prediction of heart rate and arrhythmias [11], [13]. In addition, other
applications use integrated devices such as the ESP32 with Al [16], [17], where prediction models are used
[71, [12]. The methodology applied in these studies includes the evaluation of prediction models such as long
short-term memory (LSTM) and random forest (RF) [9], [13], use of large data sets, for their implementation
in microcontrollers [4], [11], without considering hardware limitations and identification of trends in health
systems with machine learning [3], [12], and the development of an adaptive system that optimizes the
configuration of hardware and software [4], [12]. Furthermore, some studies using ESP32-based platforms
focus on accuracy but do not describe a comparison between different models. Previous research trends have
shown federated learning approaches and adaptive 10T systems for health monitoring that improve data
privacy.

The objective is to evaluate the performance of classification models in an embedded EC system for
vital signals. The use of TinyML techniques for 10T in healthcare has highlighted the importance of
lightweight models for implementation in embedded systems, often prioritizing hardware resource efficiency.
The results are important in healthcare scenarios such as monitoring patients with 10T medical devices in
resource-constrained environments where latency and power consumption are relevant. The main
contributions of this research are:

— Comparative evaluation of machine learning models support vector machines (SVM), RF, and decision
trees (DT), multilayer perceptron (MLP), and deep neural networks (DNN), on hardware.

— Evaluation of performance metrics, including accuracy, latency, and memory consumption.

— Statistical validation of model performance differences.

— Implementation guidelines for model selection in 10T applications.

2. PROPOSED SYSTEM

This section describes the development, implementation, and testing of Al algorithms on a hardware
device using EC techniques. In this context, we address the adaptation of a dataset through differentiated
preprocessing techniques, where sensor data are preprocessed to obtain the most relevant features (Figure 1).
Hypothesis validation is then performed using statistical processes to verify the efficiency of the models,
RAM and FLASH memory, prediction time, and power consumption (Figure 2).
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2.1. Data sources and health-status definition

Considering the literature review, the CVD-Vital-Signs database [18], [19] and the database
generated from the NEWS2 health status categorization [20], [21] were selected (NEWS2 score is widely
used in clinical settings to assess patient deterioration based on vital signs). Both datasets include key
physiological variables such as oxygen saturation (SpO:), body temperature, respiratory rate, and heart rate.
In the case of the NEWS?2 scale, this was created to create a representative dataset of vital signs with three
severity output categories (O=normal or stable, 1=mild, and 2=critical). After applying the balancing strategy,
an adjusted number of samples per class was obtained to reduce bias. The integration of the datasets was
achieved by selecting common physiological variables such as heart rate, respiratory rate, oxygen saturation,
and temperature. Normalization was then applied to standardize the scale of these variables.

2.2. Model families and hyperparameter optimization

A process model is proposed for the evaluation of embedded Al models on an edge computing
device (ECD), where several preprocessing stages are integrated with the aim of adapting both structured and
unstructured data for training and testing. This approach has been developed from previous research in the
field of embedded systems for EC [18], [19] and TinyML applications [20], [21], making use of recognized
methodologies such as KDD and CRISP-DM [22], [23] (Figure 3). The training and testing stages consider
data preprocessing, data division, training, validation, classification, and testing.

2.3. Process model for embedded artificial intelligence evaluation

Feature extraction is necessary using the differentiated preprocessing technique (in this approach,
different preprocessing methods are applied to the features to improve model performance) due to its low to
medium complexity and simplicity (it requires less computational power and is easy to interpret).

To implement the signal classification processes, programming scripts were developed in Python
and C++ for the hardware device. Libraries such as TensorFlow Lite, TensorFlow [24], [25], and
Micromlgen were used for deployment on the hardware device. The mechanisms and techniques used in each
stage are described:

— Loading and exploration of the dataset: an exploratory data analysis was performed, and the dataset has
16,637 records.

— Data preprocessing: the data are adapted for use in the training and validation stages of machine learning
models by performing data cleaning. For unbalanced classes, the least frequent subsampling technique is
used as illustrated in Figure 4. Data preprocessing included data cleaning, removal of missing values,
normalization with min-max scaling, and feature selection.

— Data splitting and algorithm selection: in this stage, the data is split into training, validation, and test sets,
with a proportion of 64%, 16%, and 20%, respectively, using the Scikit-learn library.

— Training: model training is performed by adjusting the parameters of each algorithm, optimizing
hyperparameters using techniques such as GridSearchCV and RandomizedSearchCV (Figure 5).

2.4. Implementation of the model for deployment in ESP32

During the validation stage, different hyperparameter settings are used for each model with tabular
data. Among the machine learning-based models, the RF-based model performed best, with an accuracy of
0.9482 and an F1-score of 0.948, followed by the DT-based model (0.938). On the other hand, the SVM
model showed the lowest performance, with an accuracy of 0.9166. Among the NN-based models, the MLP
model ranked third in accuracy, with 0.9245 (Table 1).
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Table 1. Metrics summary with validation data in the development environment

Model  Dataset Configuration Accuracy  Fl-score
SVM DD4 'C": 100, 'gamma’; 5.0, 'kernel"; 'rbf' 0.9166 0.9166
DT DD7 'max_depth': 10, 'min_samples_leaf": 1, 'min_samples_split": 2 0.938 0.9381
RF DD5 'max_depth'": 15, 'min_samples_leaf': 2, 'min_samples_split": 3, 'n_estimators': 30 0.9482 0.9482
MLP DD3 'layers": [32, 16], ‘activation": ‘relu’, 'learning_rate": 0.01, 'batch_size": 16, ‘epochs': 20 0.9245 0.9243
DNN DD4 'layers": [128, 64, 32, 16, 8], 'activation": 'relu’, 'learning_rate": 0.001, 'batch_size": 16, 0.92 0.9198
‘epochs'; 20
3. RESULTS

Each of the models generated in the previous stage are evaluated using test data in the development
environment and on the hardware device that implements the hardware device using EC techniques.

3.1. Models in the development environment

After training and validation, the models' performance is evaluated using the test dataset, under
similar deployment conditions as on the hardware device. According to the metrics summary, Table 2 shows
the best models for each algorithm type, where the RF model shows the best overall accuracy (0.9504),
followed by the DT model (0.9450) and the MLP model (0.9303).

Table 2. Metrics summary with test data in the development environment

Model  Dataset Configuration Accuracy  Fl-score
SVM DD3 'C": 100, '‘gamma’: 5.0, 'kernel": 'rbf' 0.9213 0.9211
DT DD8 'max_depth': 10, 'min_samples_leaf': 1, 'min_samples_split": 2 0.945 0.945

RF DD3 'max_depth': 15, 'min_samples_leaf': 1, 'min_samples_split": 5, 'n_estimators'": 30 0.9504 0.9504

MLP DD3 'layers": [32, 16], 'activation": 'relu’, 'learning_rate": 0.01, 'batch_size": 16, 'epochs': 20 0.9303 0.9301
DNN DD8 'layers': [128, 64, 32, 16, 8], ‘activation": 'relu’, 'learning_rate": 0.001, 'batch_size": 16, 0.9231 0.9231
‘epochs': 20

The behavior evolution graph shows that the most accurate models are used, showing that both
training and validation accuracy increased steadily, indicating convergence. However, as more training data
is used, the validation accuracy approaches the training accuracy, indicating that overfitting does not occur
(Figures 6 and 7). The results explicitly show that the RF algorithm achieves the highest predictive
performance, while DT is more efficient in relation to computational cost.

3.2. Evaluation of models on the hardware device

The evaluation focuses on verifying whether the model maintains efficient performance considering
hardware constraints using a section of the test data. To do this, the models and scaled data (along with the
scaling values used) are imported and then converted to hardware-compatible formats (PHW1). The
hardware metrics were obtained using a multimeter (in the case of electrical current), the "micros™ program
function (for latency measurement), and compiler options (to obtain memory usage).
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compared to DT-based models

The models are exported using the micromlgen 1.1.28 version and TensorFlow lite 2.17 version
software libraries that translate the models from Python to C++ and are imported from the ECD to obtain
performance metrics (PHW2). A conversion stage for unscaled data (NE/ES Process) is then considered,
which is then input into the hardware. To facilitate reproducibility, a workflow is shown that details the
loading of models, obtaining metrics, data preparation, conversion, and hardware inference (Figure 8).
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Figure 8. Processes to determine the behavior of models on the hardware device
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Comparing the evaluated models (Table 3), it is observed that, in terms of accuracy, the RF and DT
models stood out with 96.6% and 95.6% respectively, while the F1-score of the RF models was the highest,
reaching 97%, indicating a balance between accuracy and sensitivity. On the other hand, the neural network-
based models achieved good results with accuracies of 94.6% and 94.3%, but their F1-score was slightly lower.

Table 4 shows differences in the models' behavior when running on hardware. RF again gives the
best performance, with a high accuracy of 96.6%, followed by the MLP-based model. On the other hand,
lighter models, such as DT, have slightly lower accuracy (95.6%). SVM, on the other hand, showed the
lowest impact on hardware, with an accuracy of 91%. During the evaluations, each test on the hardware
device was repeated 10 times, and the metrics obtained correspond to the average values. In addition, 95%
confidence intervals were calculated for inference latency, power consumption, and memory usage to
quantify data variability and perform statistical tests.

Table 3. Average metrics with selected test data in the software

Model Configuration Accuracy  Fl-score
SVM C": 100, 'gamma’: 5.0, 'kernel": 'rbf' 0.9466 0.9532
DT max_depth": 10, 'min_samples_leaf": 1, 'min_samples_split": 2 0.9566 0.9598
RF max_depth": 15, 'min_samples_leaf": 1, 'min_samples_split": 5, 'n_estimators": 30 0.9666 0.9707
MLP layers': [64, 32], 'activation": 'relu’, 'learning_rate": 0.01, 'batch_size": 16, ‘epochs': 20 0.94666 0.9524

DNN layers'; [64, 32, 16, 8], 'activation'; 'relu’, 'learning_rate"; 0.01, 'batch_size': 32, 'epochs’: 20  0.94333 0.95

Table 4. Average of the metrics on the hardware device with the test data

Model Configuration Accuracy
SVM C": 100, '‘gamma’: 5.0, 'kernel": 'rbf' 0.91
DT max_depth": 10, 'min_samples_leaf': 1, 'min_samples_split": 2 0.956
RF max_depth': 15, 'min_samples_leaf': 2, 'min_samples_split: 5, 'n_estimators': 30 0.96601
MLP layers": [64, 32], 'activation": 'relu’, 'learning_rate": 0.01, 'batch_size": 16, 'epochs': 20 0.957

DNN layers'; [64, 32, 16, 8], 'activation': 'relu’, 'learning_rate': 0.01, 'batch_size": 16, 'epochs': 20 0.942

4. DISCUSSIONS

The results show trade-offs between model performance and resource consumption. While RF
models offer greater accuracy, this requires more memory. DT models, on the other hand, are less accurate
but more efficient. Neural network models (MLP and DNN) are more adaptable to patterns but require more
processing power. Furthermore, energy efficiency, memory usage, and real-time processing are critical
factors for monitoring in embedded systems.

4.1. Comparison of software and hardware environment

In the development environment, the RF model (96.6%) maintains a value like that obtained in the
hardware device. Furthermore, the DT models also maintain their value of 95.66% in both the hardware and
development environments, indicating greater adaptability to device limitations and showing the least change
between the two environments.

Overall, the results indicate a trade-off between accuracy and computational efficiency. Although
the RF model has the highest accuracy, the DT model offers the best balance between performance and
hardware resource consumption, making it more suitable for applications on hardware devices. This suggests
the importance of selecting models not only based on predictive performance but also considering hardware
limitations (Figure 9).

4.2. Operation on the hardware device

This section shows the behavior of the hardware device related to power consumption, latency, time
used to make predictions, the size of the models in memory, FLASH and RAM. While it is noted above that
the models maintained acceptable accuracy (around 90%) on the hardware device, there is a notable
difference in the case of inference time and power consumption. The DT-based model offers a reasonable
balance between accuracy and computational efficiency by consuming the least amount of electrical current
(39.3 mA) and inference time (8.665 us), as shown in Table 5, considering TN as true negative, TP as true
positive and us as microseconds.

On the other hand, in the case of RF, despite their adequate performance in the software
environment in terms of accuracy, they are observed to consume more memory resources and inference time
than all the models. The DT achieves the best energy efficiency, while more complex models, such as RF and
DNN, require significantly more resources. Finally, in terms of power consumption, neural network-based
models are the most energy intensive, as shown in Figure 10.
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Table 5. Average operating features on the hardware device
Model  Current (mA) TN (us) TP (us) RAM (%) FLASH (%)

SVM 40.3 4.8 73.02 82.22 46.1523
DT 39.3 4818 8.665 6.9 6.771
RF 41.46 4.821 720.2 100 100
MLP 59.6 4677  123.2358 6.838 9.942
DNN 57.8 4.692 409.502 7.305 10.495

From an application perspective, the results suggest that models like DTs are suitable for continuous
monitoring of portable devices, where energy consumption and inference time are critical. On the other hand,
models like RF are more suitable when greater accuracy is needed on devices with fewer hardware resources.
The energy efficiency of DTs stems from their simple structure and low computational complexity. Unlike
neural network methods, DTs require fewer arithmetic operations during inference.
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-==DNN
File size FLASH
KB percentage
occupied

Current
consumption (mA)

Figure 10. Comparative graph of data obtained during the evaluation on the hardware

4.3. Hypothesis testing

The statistical procedure was structured considering the assumptions of normality and homogeneity
of variances using the Shapiro-Wilk and Levene tests. Based on these results, parametric or non-parametric
statistical tests were selected, and if significant differences were detected, post-hoc multiple comparison tests.
To test the hypothesis, the following steps were taken for each characteristic to be evaluated regarding the
behavior of the classification models in the ECD:
— Selection of learning algorithms.
— Calculation of the metrics to be evaluated: for each model, multiple sample groups are considered (10

samples corresponding to model variations for each of the 5 algorithms).

Performance analysis of classification models to determine the health status of edge ... (Ricardo Yauri)



2512 O3 ISSN: 2302-9285

— Definition of hypotheses: a null hypothesis (HO) and an alternative hypothesis (H1) for each of the
characteristics: HO: there is no difference between the evaluated features of the different models and
H1: there is a significant difference between the evaluated features of the different learning models.

— Verification of assumptions. Two assumptions are verified: data normality and homogeneity of variances.
To do this, Shapiro-Wilk and Levene's statistical tests are performed to verify homogeneity of variances.

— Determination of differences between models. Based on the previous results, the type of parametric (e.g.,
ANOVA) or nonparametric (Kruskal-Wallis) test is selected.

— Multiple comparison tests: if the previous result indicates significant differences, multiple comparison
tests such as the Tukey test or the Bonferroni test are performed. As an example of the hypothesis
evaluation procedure, the results obtained for evaluating electricity consumption: Shapiro-Wilk test: the
electricity consumption data follows a normal distribution; Levene's test: the variances of the electricity
consumption data are equal across groups.

The evaluated metrics are shown in Table 6, which considers computational efficiency, a critical
aspect in hardware with limited resources. The table presents the statistical results obtained with non-
parametric tests (Kruskal-Wallis). In particular, the DT model stands out for its lower prediction time, power
consumption, and FLASH memory usage. The MLP model has lower RAM consumption, while models such
as RF and SVM show higher resource requirements. In the case of RAM and FLASH, their null hypothesis
was rejected, while it was not for accuracy.

Table 6. Statistical summary of performance metrics for evaluated models

Metric Test used p-value g:glerzﬁigé Best model Key findings

Prediction Kruskal- 8.37E-09 Yes DT DT is the fastest (~8.67 ps), followed by SVM

time Wallis and MLP. DNN and RF are the slowest.

Accuracy Kruskal- 0.1358 No RF No statistical differences; all models show similar
Wallis performance.

RAM Kruskal- 7.76E-10 Yes MLP, followed MLP uses less RAM; RF and SVM consume

memory Wallis by DT more.

FLASH Kruskal- 1.08E-09 Yes DT, followed by DT is the most storage-efficient; RF and SVM use

memory Wallis MLP more memory.

Current Kruskal- 1.27E-08 Yes DT, followed by DT is the most efficient (~39.3 mA); DNN and

consumption ~ Wallis SVM and RF MLP consume more energy.

Model size Kruskal- 7.43E-09 Yes DT, followed by DT has the smallest size (~59.7 KB); RF and
Wallis MLP SVM are the largest.

4.4. Deployment guidelines

Based on the tests performed, recommendations are established for model selection in healthcare
settings. If high accuracy is required with low-power hardware, RF models can be used. Regarding energy
efficiency, latency, and memory, DT models offer a better balance between performance and computational
cost. Neural network-based models (MLP and DNN) are suitable for applications requiring lower accuracy,
but their energy consumption should be evaluated. SVMs are less adaptable to hardware limitations.

The results can be related to monitoring scenarios, where access to real-time information is critical.
In this case, DT are suitable. However, in hospital settings with limited computing resources, complex
models can be used for high accuracy. Furthermore, more sensitive models are preferred when classification
results are critical.

5. CONCLUSION

This paper makes a contribution by integrating comparative processes, hardware-considered
analysis, and statistical validation of machine learning models within a TinyML-based computing
environment. The results can serve as a basis for the design of vital signs monitoring systems in remote
patient monitoring applications or loT-based wearable devices. The prediction time of the models in
hardware was evaluated, finding that the DT model offers the shortest prediction time and has significant
differences in performance compared to models such as the DNN and RF. Regarding the accuracy
assessment when evaluating the models in hardware, it is recommended to consider other relevant aspects for
decision-making, such as prediction time or memory consumption. Although the statistical tests did not
identify significant differences between the models, the visual comparison highlights the RF model, thanks to
its highest average accuracy (0.96601), followed by the MLP models.
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These results confirm that memory-related metrics (RAM and FLASH) present statistically
significant differences, unlike accuracy, where no significant differences were found. In this case, MLP
stands out as the most efficient model in terms of RAM usage. Regarding FLASH memory usage, the
alternative hypothesis is confirmed, with the DT and MLP models emerging as the best options for limited
hardware devices. In the case of the datasets used in this study (CVD-Vital-Signs and NEWS2), these were
integrated and preprocessed for research purposes, and the new version generated is available from the
authors upon request of readers. While the RF model achieved the highest accuracy, the DT model is best
suited for implementation due to its lower power consumption, shorter inference time, and reduced
computational complexity.

A limitation is that the evaluation was only performed on one ESP32, which prevents the results
from being generalized. Furthermore, the dataset is based on existing data and does not account for the
variability of real-world data. Future research could focus on integrating classification models for monitoring
health-related parameters, including wearable devices, and validating their performance in real-world
scenarios. Additionally, cloud architectures could be integrated for large-scale applications.
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