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Introduction

SUSTRONICS aims at researching sustainable novel technologies mainly in healthcare industry at
different levels, from sensors, systems and algorithms. HTEC contributions to this project fall in the
Machine Learning algorithms development for healthcare to improve current procedures aiming not
only at improving the state of the art of similar solutions but also reducing the resources consumed in
those processes to improve their sustainability. Based on this goal, HTEC supports in two pilots from
this project: smart hygiene products and smart wound dressings. In both of these cases, HTEC
developed needed ML models as well as data preprocess and synthetic data generation when needed
due to limited availability of health care public databases.

In summary, HTEC executed the following research activities:

e Research available public healthcare databases for the development of ML models for
SUSTRONICS.

o Development of generative Al framework for the generation of high-quality synthetic skin
wound datasets to speed up the development of health care ML solutions for pilot 3.3.

e Evaluation of generated datasets for model training in the context of pilot 3.2 and pilot 3.3.

e Development of data preprocessing pipelines for pilot 3.2 and pilot 3.3.

e Development of robust ML solution for evaluation of temperature, pH, enzymes and humidity
sensor data to monitor smart hygiene product status.

e Development of robust ML solution for evaluation of temperature and pH sensor data to
monitor healing status of skin wounds using a smart wound dressing.

e Optimization of developed ML solutions for memory footprint reduction and latency
optimization.

e Integration and validation of developed ML solutions.

e Support in development of demonstrators for pilot 3.2 and 3.3.

Comparison of the Project Status with the Original Work Plan and Schedule

1 Work Plan

SUSTRONICS project is divided into multiple work packages for the development of solutions that are
later used in multiple pilots. The initial plan was that HTEC was going to support also in the
development of communication protocols as part of work package 2 (task 2.4). However, due to the
request of further support in the development of ML solutions for more pilots (to be precise pilot 3.2),
HTEC moved those PMs from the communication development into further ML support in the task 2.6.
Consequently, participation in WPs didn’t change from initial proposal but only tasks in those packages
were adapted. This change was reported in the project amendment.
3
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1.1 Summary of the Main Scientific and Technical Results

This report describes the work performed per work package (WP) and the results achieved by HTEC,
as well as the current intentions to utilize the developed solutions.

WP1 Material and process development
Task 1.1: Requirements and specifications

HTEC, together with partners from Pilot 3.2 and Pilot 3.3, defined relevant requirements and
specifications for the machine learning solutions required for both pilots at system level. The specific
goals for these ML solutions were developed in collaboration with partners of these pilots such as
ESSITY in pilot 3.2 and Infineon in pilot 3.3.

WP2 Component and device development

Task 2.1: Requirements and specifications

Based on requirements and specifications at pilot level designed in Task 1.1, HTEC designed ML model
requirements to achieve the desired goals. These requirements were later evaluated and improved
with the support of partners who participate in pilots 3.2 and 3.3.

Task 2.6: Software functionalities

In this task, HTEC developed all required software packages for the development and execution of the
ML solutions planned for pilot 3.2 and 3.3. Among these functionalities, multiple software packages
were developed:

Synthetic data generation framework:

HTEC developed a high-quality synthetic data generator for skin wound data (temperature and pH)
since no dataset was found for pilot 3.3. Consequently, this framework was needed for the
development of data that could be later used during the training and evaluation of ML models. This
framework was developed following Generative Adversarial Network (GAN) techniques after an initial
data collection from volunteers at HTEC office (after collecting a signed agreement to participate in
this data collection) using commercial sensors. This framework was evaluated using Frechet distance
metric to evaluate that patterns in generated data is similar to collected data while ensuring variability.
The pipeline describing this framework can be found in Figure 1.
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Figure 1. Synthetic data generator pipeline.

As it can be observed, this framework takes as input information such as gender, age and desired

wound configuration so users can customize the generated dataset to specific use cases. An example
of the data it generates can be found in Figure 2.
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Figure 2. Example of generated synthetic data.

Besides addressing the lack of publicly available wound monitoring datasets, the developed GAN-
based framework enables the generation of diverse physiological profiles while preserving realistic
temporal relationships between temperature and pH measurements. Compared to conventional data
augmentation techniques, such as random perturbation or interpolation, generative models are
capable of learning the underlying distribution of the collected signals, thereby producing entirely new
samples instead of modified copies of existing observations. This characteristic is particularly relevant
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in healthcare applications, where maintaining realistic correlations between multiple physiological
variables is essential for the successful training of machine learning models.

Furthermore, the use of synthetic datasets significantly reduces privacy concerns associated with
patient data and allows the development and preliminary validation of Al algorithms before extensive
clinical studies become available. To evaluate the quality of the generated data, the Fréchet Distance
metric was employed together with a qualitative inspection of the generated temporal patterns,
confirming that the synthetic samples adequately reproduced the statistical behaviour and variability
observed in the collected measurements.

Data preprocessing modules:

For both pilots, once data was available (in the case of pilot 3.2 data was provided from ESSITY and in
pilot 3.3 the synthetic data generator was used) dedicated preprocessing and postprocessing modules
were developed to enable the execution of the machine learning models and their integration with the
remaining software components.

The preprocessing pipeline was designed to ensure that the machine learning models received
standardized and robust input data independently of the acquisition conditions. Raw sensor
measurements were first inspected to identify missing values and abnormal measurements produced
by temporary sensor instability or environmental interference. Afterwards, all variables were
normalized using statistics computed exclusively from the training dataset in order to prevent
information leakage during model evaluation.

Since the monitored variables consist of temporal sequences, additional descriptive features were
extracted from the raw measurements. Besides the mean values, first-order derivatives and temporal
trends were calculated to characterize the evolution of each sensor over time rather than relying
exclusively on instantaneous measurements. This feature engineering stage allowed the models to
better distinguish between different physiological conditions while maintaining a low computational
complexity suitable for embedded implementations.

Regarding postprocessing, techniques to convert model predictions into define labels for easy
communication with partners were implemented. This modular preprocessing and postprocessing
architecture also simplified the integration of the machine learning solutions into the demonstrators
developed for both pilots.

WP3 Use case integration
Task 3.1: Pilot system specifications

In this task, HTEC further supported in the development and improvement of pilot requirements not
only at ML module level but at pilot level to ensure that ML models will be beneficial and to align with
partners regarding what contributions are needed from them (in case any) for the development and

6
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execution of ML models. Among requirements defined, the hardware platform was selected in
collaboration with partners to ensure ML models and other software packages can be integrated.

Task 3.2: Pilot prototypes manufacturing
In this task, HTEC developed the ML modules required for each pilot.

For pilot 3.2, HTEC analyzed the dataset ESSITY generated. This dataset includes numerous noisy and
noiseless sample data from the four selected sensors previously commented (temperature, pH,
humidity and enzymes) that can be used to develop the proposed Al models. The first step before the
model development was the data analysis to better understand their nature and what algorithm can
better fit them. After this explorative data analysis, the data preprocess was defined.

After the data analysis phase, each sensor data was evaluated individually regarding the selection of
the most suitable Al algorithm for the prediction of the measurement level. Some of the algorithms
evaluated during this process were random forest and artificial neural networks. However, it was
detected that random forest outperforms the rest of evaluated techniques for this use case with the
provided datasets. Consequently, an individual random forest model was trained for each sensor data.

The selected models are capable of handling nonlinear relationships between variables while being
relatively robust to noisy measurements and less prone to overfitting, characteristics that are
particularly advantageous for healthcare sensor applications, where the acquired signals may present
variability caused by sensor tolerances, environmental conditions and differences between users.
Furthermore, Random Forest models require limited parameter tuning and exhibit low inference
latency, making them well suited for deployment on embedded hardware platforms with restricted
computational resources. These properties are aligned with the sustainability objectives of the
SUSTRONICS project, where minimizing computational requirements directly contributes to reducing
energy consumption.

Later, the information of these models is combined in a final output that provides information
regarding the necessity of changing the smart hygiene product when any of the sensor measurements
reaches high values.

During the training phase, the first provided dataset was split into a train and test subsets to monitor
the performance after the training. The second dataset was fully used for validation purposes to ensure
results are still valid with a whole new dataset. This approach confirms the trained models can
generalize to multiple datasets and not only to the first provided dataset. Table 1 shows the
performance results for the test subset.
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Table 1. Performance results on test dataset for pilot 3.2.

Dataset Partition Sensor Accuracy F1-score
synthetic_data_p3-2 test Enzymes 0.852 0.851
synthetic_data_p3-2 test pH 1.000 1.000
synthetic_data_p3-2 test Humidity 0.992 0.992
synthetic_data_p3-2 test Temperature 0.891 0.891
new_data_18_august validation Enzymes 0.966 0.966
new_data_18_august validation pH 0.953 0.954
new_data_18_august validation Humidity 0.863 0.860
new_data_18_august validation Temperature 0.781 0.786

The obtained results demonstrate that the developed models generalize well across different datasets
despite the inherent variability of physiological measurements. In particular, the pH classifier achieved
almost perfect performance, indicating that the extracted features provide clear discrimination
between the considered operating conditions. The temperature model obtained comparatively lower
performance on the external validation dataset, suggesting that temperature measurements are more
susceptible to external factors and exhibit larger overlap between classes.

Nevertheless, the overall module achieved an F1-score of 0.887 on an independent validation dataset,
confirming that the proposed approach maintains reliable predictive capability when evaluated on
previously unseen data. These results indicate that the developed solution provides sufficient
robustness for integration into the smart hygiene demonstrator while leaving room for further
improvement as additional datasets become available.

Regarding pilot 3.3, HTEC developed a Multi-Layer Perceptron (MLP) neural network for the prediction
of the wound healing status based on temperature and pH measurements. Due to the lack of clinic or
real data, synthetic data from the framework developed in WP2 was used. The topology of this model
consists in two dense layers with 30 and 20 units respectively, followed by the final output dense layer
with 3 units for the classification of the output data. The structure of the trained model along with the
input and output data is presented in Figure 3.
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Figure 3. Structure of MLP model for wound status prediction.

During the training stage, the available synthetic dataset was divided into independent training,
validation and testing subsets to ensure an unbiased evaluation of the developed model. The
optimization process aimed at minimizing the classification error while preventing overfitting through
continuous monitoring of the validation performance. Owing to the relatively compact architecture,
the model converged rapidly while maintaining stable performance across the different evaluation
datasets.

The selected architecture intentionally prioritizes simplicity over complexity. Although deeper neural
networks could potentially achieve marginal performance improvements, they would also increase
memory requirements, computational cost and energy consumption during inference. Therefore, the
proposed Multi-Layer Perceptron represents an appropriate balance between predictive performance
and resource efficiency for embedded healthcare devices.

This model topology has been selected due to its simplicity and reduction of resources required for its
execution, which supports the general goal of sustainability followed in SUSTRONICS project.
Nevertheless, this topology has been proven in the past to provide high-performance results for
multiple tasks such as classification and regressions. This model achieved an accuracy of 96.56% on
test dataset assuming a sampling rate of 300 minutes, fulfilling requirements of performance.
However, it must be taken into account that these results are in synthetic data so a clinical study should
be executed before confirming this performance in real user data.

Moreover, the effect of the number of samples per night in the model performance was evaluated.
This is highly relevant in the context the project since a larger number of samples per night may affect
not only the speed of the energy consumption of the system, but also the lifetime of some of the
sensors. Consequently, it is desired to reduce the number of samples while ensuring high-performance
results.

To study this, multiple down sampling rates have been applied to the previously commented synthetic
dataset. Since the length of the synthetic data is 6 hours per night, multiple sampling rates from 5
minutes to 5 hours have been evaluated as shown in Table 2 and Figure 4.




Schlussbericht “SUSTRONICS”

Table 2. Effect of multiple sampling rates on model performance.

sampling rate (min) downsampling factor Acc. test (%) F1-score test (%)
5 1 96.29 93.14
10 2 96.3 93.2
15 3 96.54 93.74
20 4 96.68 93.86
25 5 96.86 94.1
30 6 96.54 94.42
35 7 97 94.48
40 8 97 94.41
45 9 96.68 93.82
50 10 96.52 93.48
55 11 97.06 94.58
60 12 96.8 94.26
120 24 96.63 93.81
180 36 96.68 93.89
240 48 96.54 93.65
300 60 96.56 93.67
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Figure 4. Graphical representation of accuracy and fl-score evolution with sampling rate.

The performed analysis demonstrates that reducing the sampling frequency has only a limited impact
on the predictive performance of the developed model. Even when increasing the sampling interval
up to 300 minutes, both the accuracy and Fl-score remain remarkably stable, indicating that the
relevant physiological information evolves slowly enough to be captured with relatively few
measurements.
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From the system perspective, this result is particularly significant because sensor acquisition, signal
processing and wireless communication represent the main sources of energy consumption in
wearable healthcare devices. Consequently, reducing the number of measurements directly
contributes to extending battery lifetime, reducing computational workload and increasing sensor
durability without substantially compromising diagnostic performance. These findings are fully aligned
with the sustainability objectives pursued by the SUSTRONICS project.

WP4 Sustainability assessment
Task 4.5: Circular business models.

HTEC provided all required information for sustainability assessment of developed models including
CO2 consumption estimations during model training and later inference. Similarly, circular business
information required by partners and information for deliverables was provided.

WP5 Dissemination, exploitation and communication

Task 5.1: Dissemination and communication

HTEC supported in the dissemination of SUSTRONICS results with scientific journal publications
(currently under review by scientific journal) as well as social network posts to share not only results
but also collaboration and status from the project.

Similarly, all requested information for deliverables was provided.
Task 5.2: Exploitation and standardization
All requested information for deliverables regarding exploitation and standardization was provided.

WP6 Management

Task 6.1: Overall consortium management

HTEC participated in the development of deliverables as well as joined online meetings as general
assembly meetings.

2 Scientific and/or Technical Prospects for Success and Economic Viability After
Project Completion

HTEC plans to use the developed ML solutions as well as the acquired know-how as starting point for
other possible customer projects and research projects. Therefore, by participating in SUSTRONICS
project, HTEC benefited from the specific ML and industry expertise of the consortium members,
comprised of representatives from industry, universities, and research institutes. This collaboration
enabled HTEC to gain a deep understanding of challenges of healthcare applications.

11
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Expanding its expertise in ML is expected to positively impact the company's growth. Following the
successful results achieved with its researched techniques, HTEC expected to increase its customers in
the ML field by 10% over the next five years and expand the number of employees dedicated to
researching and implementing ML applications.

Inventions and/or Patent Applications

To date, no inventions have been made and no patent or other intellectual property rights applications

have been filed.
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