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Abstract

:

The spread of informatics and electronic systems capable of the real-time monitoring of multiple psychophysiological signals has continuously grown in the last few years. In this study, we propose a novel open-source wearable monitoring platform (WMP) to synchronously acquire and process multiple physiological signals in a real-time fashion. Specifically, we developed an IoT-like modular and fully open-source platform composed of two main blocks that on the one hand connect multiple devices (the sensor fusion unit) and on the other hand process and store the sensors’ data through the internet (the remote storing and processing unit). To test the proposed platform and its computational performance, 15 subjects underwent an experimental protocol, in which they were exposed to rest and stressful sessions implementing the Stroop Color and Word Test (SCWT). Statistical analysis was performed to verify whether the WMP could monitor the expected variations in the subjects’ psychophysiological state induced by the SCWT. The WMP showed very good computational performance for data streaming, remote storing, and real-time processing. Moreover, the experimental results showed that the platform was reliable when capturing physiological changes coherently with the emotional salience of the SCWT.
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1. Introduction


Neurophysiological data from both the central (CNS) and autonomic (ANS) nervous system, including electroencephalogram (EEG), electrocardiogram (ECG), electrodermal activity (EDA), photoplethysmography (PPG), and respiratory signal (RESP), encapsulate a variety of relevant information to assess the affective, cognitive, and physical state of human beings.



Recently, several studies have started to adopt multivariate approaches combining some of these bio-signals and contextual information to infer psychophysiological and physical states [1,2,3], even in contexts beyond the simple laboratory experimental setup (i.e., natural settings) [4,5]. In this scenario, biosignals have been used as important indicators for rehabilitation [6], epileptic seizure prediction [7], sleep stage scoring [8], affective computing [9], and arrhythmia detection [10].



The growing developments in biosignal-oriented applications, alongside the recent advancements in cost-effective and wearable devices (that fully fit the necessity of even natural settings experiments), have grown the interest in advanced technological tools capable of completely exploiting the huge amount of information derivable from such physiological signals. This technological progress has further enhanced the range of applicative contexts, including remotely and continuously monitoring driver drowsiness [11], human emotions [12,13,14,15], human activity [16,17], and health status [18,19]. In this context, several commercial software and open-source toolboxes have been developed to simplify the acquisition of biosignals, their real-time preprocessing, and the feature extraction procedures. For instance, Activeos is commercial proprietary software used to synchronize the outcomes of a specific pool of wearable products [20]. In [21], Chételat et al. developed a physiological monitoring system to acquire ECG and chest impedance in real time. In another previous study, Coates et al. [22] designed a multimodal skin sensing system to monitor diabetic feet. McGregor et al. [23] devised a cloud-computing framework to ease access to healthcare facilities for patients living in rural or remote centers. Other attempts have been made to detect dangerous events (e.g., sleep apnea) by using an integrated wearable monitoring system [24]. In addition, remote and wireless systems have been purposely developed to monitor vital signs and detect deterioration in ward patients early, thus representing valid support for physicians and nurses [25].



However, most of the previous software and applications have been built for deployment on stand-alone machines without exploiting the ease of monitoring, storing, and gaining sensor data from the internet provided by IoT-distributed architectures. In addition, they have often not been designed for real-time automatic data acquisition, synchronization, and processing and require intensive manual intervention [26]. Other important limitations concern open-source and scalability properties. Even if data acquisition and processing tools are freely provided to the user, they do not completely rely on open-source solutions that could enhance the whole system’s flexibility, adaptability, and cost-effectiveness [23,27]. The system’s scalability refers to the number and type of connectable devices to the monitoring platform. In many cases, such monitoring systems have been purposely developed to work with a specific device.



Interesting solutions to the previous issues have been proposed by [28,29,30]. OpenHealth is an open-source project that specifically focuses on movement disorders [28]. It addresses the challenge of providing a common platform with standardized hardware and software for patients suffering from these disorders. Another recently proposed open-source system, called RADAR-based, is a complex solution based on the Distributed File System that synchronizes and saves physiological data [30]. Similarly, Bahmani et al. have developed a smart health monitoring system through which the biomedical data collected by sensors are easily accessible to the physician for evaluation and analysis purposes, e.g., detection of presymptomatic COVID-19 [29]. However, despite being open-source, these systems have included elements that are self-developed or parts created by third parties that provide technical support and updates. This increases the risk that the termination of technical support could make the system obsolete.



This work presents a modular and fully open-source Wearable Monitoring Platform (WMP) integrating multiple commercially available devices to process physiological data in real-time. The platform is integrated into an IoT-like distributed architecture composed of two main blocks: the sensor fusion unit (SFU) and the remote data storage and processing unit (RDSPU). The SFU handles devices’ connection, synchronization, and data recording, whereas the RDSPU manages data storage in purposely selected databases and real-time processing of multiple signals. Four main characteristics characterize our system:




	
The use of open-source components: We adopt freely usable and customizable software to implement each system architecture block.



	
Scalability: We propose a modular system capable of interfacing several wearable devices.



	
Real-time processing: The processing is done in a short time period as the data are inputted, providing near-continuous output.



	
Remote storage: Both raw data and estimated features are remotely stored in purposely selected databases.








To test the performance of our system in collecting and effectively processing multiple kinds of psychologically relevant sensor data in real time, we have designed a standardized experiment in which 15 subjects underwent a stressful task. Particularly, a standard Stroop test has been designed during which physiological activity has been recorded and processed by the WMP. This task is notoriously capable of inducing a significant variation in the psychophysiological state of the subjects by increasing arousal and inducing a state of acute stress [31,32]. A statistical analysis has been performed to assess whether the wearable monitoring platform was reliable in estimating changes in the nervous system activity of the subjects.




2. Materials and Methods


This section describes the design of the WMP and the experimental paradigm and data analysis to evaluate it.



2.1. Platform Architecture


The WMP consists of an IoT-like distributed architecture comprised of two main blocks: the SFU and the RDSPU. Figure 1 depicts a representative schematic of the system. Specifically, the SFU represents the unit in charge of connecting the wearable devices, synchronizing the data, and routing all of them towards the RDSPU over MQTT protocol [33]. Instead, the latter remotely stores and processes the data to extract several features that could be used to estimate psycho-physiological states or drive output devices.




2.2. The Sensor Fusion Unit


The SFU aims to connect to the set of sensors and simultaneously acquire several physiological signals (e.g., EEG, ECG, EDA, PPG, RESP). To this critical end, open-source and multi-platform (e.g., Unix and Windows) Python software has been coded (Figure 2). Specifically, we have developed a multi-process architecture to fully leverage remote concurrency and effectively share computational resources among multiple processors of the machine running the application. A similar concurrent multi-process architecture facilitated the integration of even very heterogeneous devices in terms of the communication protocols, type of streamed data, and streaming performances. Given the fact that each device for biosignal acquisition exploits its own communication protocol and its own way of formatting and sending data, it is extremely difficult to devise a platform that is capable of handling a number of potentially unlimited communication modalities. In this study, we developed a flexible multi-process architecture that separates the communication with different sensors into separated and independent subprocesses purposely coded to exchange information following the communication protocol and data format supported by the respective device. This architectural solution not only guarantees the simultaneity of the signal acquisition needed to gain information from different sources but also allows interfacing devices to communicate in completely different ways. Although this modular structure forces the subprocesses to have no access to each other’s resources, the SFU still manages to synchronize the signals by exploiting the system clock. Moreover, a further subprocess is included to gather the signals acquired from the SFU and route them along with their respective timestamps over the MQTT protocol using the publish–subscribe model. The signals are streamed in the form of formally defined data messages. The multi-process architecture is developed by exploiting the Python multiprocessing library. The communication among the different entities within the SFU is implemented using the thread-safe FIFO queue of the library. In addition, we included the possibility of collecting and streaming metadata such as personal information and psychometric measures (e.g., S.T.A.I. Y1 [34], Beck depression inventory [35], Liebowitz Social Anxiety Scale [36]) that could be of potential interest for psychological studies. To facilitate the use of the platform, we have developed a Python user interface using the PyQt6 library [37] to handle the metadata collection, the subprocess spawning, and the data streaming (see Figure 2).




2.3. The Remote Data Storage and Processing Unit


The RDSPU is an IoT-like architecture integrating several components to manage, store, and process in real time the signals collected by the SFU. Specifically, the RDSPU is composed of a message broker, a data ingestion unit, a time-series database, a data processing block, and a NoSQL database. It is worth noting that we adopt open-source solutions for each block of the RDSPU. In particular, Eclipse Mosquitto™ is used as the message broker, the Telegraf (InfluxData Inc., San Francisco, CA, USA) plugin-driven agent to ingest messages, InfluxDB (InfluxData Inc.) is used to save signals value together with related timestamps, the Python-based custom service is used to process all signals to extract relevant features, and CouchDB (Apache) is used as the NoSQL database. Operationally, the formally-defined messages assembled by the SFU are adapted to the formal messaging protocol of the time-series database and routed towards it by the message broker and the data ingestion unit. Such a database is accessible from the processing service that performs queries, extracts signal features, and stores them in the NoSQL database. All the elements composing the RDSPU are currently hosted at the University of Pisa servers.



In the following paragraphs, each block of the RDSPU is explained in more detail.



The message broker is an intermediary message-oriented middleware that mediates the exchange of information between SFU and RDSPU. In particular, it receives incoming messages and performs message validation and transformation to adapt the data packet to the formal messaging protocol of the time-series database (i.e., InfluxDB). Each data packet contains several tags, including MQTT topic string, type of measurement (e.g., EDA, ECG, EEG, RESP), device information, group, subject profiling (e.g., name, age, email, UUID), psychometric measures, sample values, and a corresponding timestamp in Unix format. All the data gathered from the SFU are published on the same MQTT topic, and signals from different devices can be discriminated by combining device information and type of measurement. The publish–subscribe pattern supported by the message broker allows the whole application to run asynchronously, managing different streaming rates for the connected devices and fitting the necessity of acquiring signals with different spectral characteristics. Here, we adopt the open-source service Mosquitto (Eclipse Foundation) to handle and distribute the messages between SFU to the data ingestion block.



The data ingestion unit is configured to subscribe to the same MQTT topic used by the SFU to publish the gathered data. Therefore, once a new message is published on the message broker, it is made available to the data ingestion unit with negligible latency. The data ingestion unit acts between the message broker and the time-series database to reliably deliver the data to the storing medium (i.e., InfluxDB). For the data ingestion, we adopted the open-source software Telegraf (InfluxData Inc.), which provides flexibility in receiving metrics from several input sources and exploiting plug-in drivers to transmit them to several types of outputs.



The time-series database allows time-stamped physiological time-series to be stored in an effective and optimized way. Here, we adopted the open-source solution called InfluxDB (InfluxData Inc.) because of its wide range of ingestion methods (including Telegraf) and the capability of efficiently handling volumes of data that continuously and rapidly increase thanks to the simplified indexing methods. Moreover, it allows for data compression and efficient data access managed through optimized time-centric functions for querying time-series structures.



The data processing unit is a Python-based custom service running on the same remote server as Mosquitto, Telegraf, and InfluxDB. As for the SFU, in this block of the chain, the different signals are processed in parallel exploiting a multi-process paradigm. In particular, the service was purposely coded to query the InfluxDB database in different subprocesses, extract and pre-process the time-series data (i.e., EDA, PPG, EEG, RESP, and ECG) from it, and subsequently estimate a set of predefined features. As an exemplary data processing unit, according to the following experimental application (see Section 2.4), the features are calculated considering 30 s-long windows of signal updated every 5 s. In this way, the WMP can process each psychophysiological signal in a pseudo-real-time fashion updating the set of features every 5 s, thus fitting the temporal dynamics of many physiological processes that could be of interest for the possible applications of the WMP. The data processing unit is coded to perform an ad-hoc processing chain for feature extraction. As a preliminary step, all signals are filtered according to their frequency band of interest. In particular, the EDA is low-pass filtered at a cutoff frequency of 2 Hz, the ECG baseline was removed by high-pass filtering at 0.05 Hz, and the PPG and the EEG signals are band-pass filtered within the frequency range of 0.5–4 Hz and 1–45 Hz, respectively. After the filtering step, each signal is specifically processed as follows:




	
The EDA is decomposed into two main components: the skin conductance level (SCL) and the skin conductance responses (SCRs). The EDA components contain complementary information about the sympathetic nervous system (SNS). In particular, the SCL represents the EDA slow varying baseline and reflects the subjects’ general psychophysiological state [38]. The SCRs, instead, are relatively quick stimulus-evoked changes in the EDA signal [39]. In the WMP, the SCRs are obtained by passing the 30 s-long window of the EDA signal through a Butterworth high-pass filter with a cutoff frequency of 0.05 Hz [40]. The SCL is derived by subtracting the isolated fast-varying component from the original EDA signal. After the decomposition process, several features are extracted: the mean value (meanSCL, meanSCR) and the standard deviation (stdSCL, stdSCR) of both the SCR and SCL signals, the number of SCRs (nSCR), and the sum of their amplitudes (sSCR).



	
The ECG signals are processed to derive and analyze the heart rate variability (HRV) [41]. Operationally, the peak detection phase is performed by leveraging morphological changes in the ECG series by using an adaptive peak detection threshold followed by outlier detection and rejection. The algorithm threshold is adjusted stepwise, exploiting the relative regularity of the heart rate signal to minimize the standard deviation between successive differences. The R peaks are found using a 0.75 s-long window on both sides of each data point. Once the HRV time series are derived from the ECG signals, several time-domain, frequency domain, and nonlinear features are estimated. More specifically, in the time domain, we extract the mean value (meanRR) and the standard deviation (stdRR) of the R-to-R intervals, the square root of the mean squared differences of successive normal-to-normal (NN) intervals (RMSSD), and the percentage of the successive interval differences greater than 50 ms (pNN50). In the frequency domain, the low-frequency (LF; 0.04–0.15 Hz) and high-frequency (HF; 0.15–0.40 Hz) HRV spectral powers as well as their ratio (LF/HF ratio) are computed. Finally, the standard deviations of instantaneous beat-to-beat interval variability obtained from a Poincarè plot as the ellipse width (SD1) and length (SD2) are derived as nonlinear features. Such a feature set estimates the parasympathetic and sympathetic activities regulating the cardiovascular dynamics.



	
The EEG data are processed to estimate the EEG power within the classical frequency bandwidths:  δ  (1–4 Hz),  θ  (4–8 Hz),  α  (8–14 Hz),  β  (14–30 Hz), and  γ  (30–40 Hz) using the Welch’s method (window length = 4 s, overlap = 75%). Additionally, the frontal alpha asymmetry (FAA) is computed as the difference between right and left alpha activity over frontal regions (i.e., F4 and F3) [42]. This feature is thought to be a measure of the propensity to adopt approaching or avoiding behaviors and to be involved in the regulation of emotional stress [43].



	
The RESP is analyzed to derive the breathing rate within each 30 s-long time window. To this end, the RESP spectral power is obtained by applying the Fast Fourier Transform algorithm. Starting from the power spectrum, the breathing rate is estimated as the frequency corresponding to the maximum value of the spectrum.



	
The PPG is redundantly analyzed to derive the HRV, as in the case of the ECG signal. To this end, the PPG pulses are identified by comparing neighboring samples to identify all local maxima. Spurious PPG peaks are discarded by applying an adaptive amplitude threshold and a minimum distance between consecutive pulses. The HRV is then obtained by cubic-spline interpolation and resampling (at 4 Hz [44]) of the inter-pulse intervals time series. Afterwards, starting from the HRV signal, the same features described above (i.e., ECG features) are estimated.








The extracted features are then automatically saved into a NoSQL database, allowing for permanent storage and future remote access.




2.4. Experimental Evaluation


To evaluate the WMP in terms of connecting to multiple devices and real-time performance, we purposely selected two biomedical-oriented wearable acquisition systems: the DSI-24 device (Figure 3a) to collect CNS data and the Shimmer3 GSR+ unit (Figure 3b) to simultaneously gather peripheral ANS signals and motion data.



The DSI-24 system is a research-grade wireless dry electrode electroencephalograph (EEG) headset designed for the rapid application of 19 innovative dry-electrodes at locations corresponding to the 10–20 International System. This EEG system has been chosen due to its ability to guarantee an easy-to-use and comfortable measurement of the EEG signal in a wireless mode. Moreover, this system is equipped with three embedded accelerometers and three integrated auxiliary sensor inputs that can record peripheral signals such as ECG, EDA, and RESP. All the recorded signals are wirelessly streamed to a PC over standard Bluetooth communication and can be accessed through the TCP-IP protocol.



The Shimmer3 GSR+ unit is a widely used wearable device for biomedical purposes and, more specifically, for peripheral ANS signals acquisition. In particular, the GSR+ unit is designed to record EDA and PPG from Ag/AgCl dry electrodes placed on human hands. Furthermore, this unit integrates an inertial measurement unit for the real-time acquisition of motion signals as well (i.e., accelerometric and gyroscopic data). All the recorded data are streamed using the default method to a host PC over Bluetooth communication.



It is worthy of note that, thanks to the adopted flexible structure downstream of the SFU, WMP can interface with other devices by including additional processes specifically designed for the systems to connect.



2.4.1. Experimental Protocol


We recruited 15 healthy subjects (8 female, average age of all subjects (±standard deviation) = 28 ± 4) to test the performance of the WMP in reliably streaming signals and computing psychophysiological state correlates. The local ethical committee approved the experiment (n. 14/2019). The subjects underwent an experimental protocol composed of two three-minute-long sessions. The experimental timeline is reported in Figure 4.



Each subject was required to fill in the S.T.A.I. in its Y1 form before and after the experiment to self-assess the psychologically perceived anxiety level. More specifically, the S.T.A.I. Y1 questionnaire evaluates state anxiety through multiple-choice questions referring to how the subject feels at the time of administration of the questionnaire. Despite its subjective nature, the S.T.A.I. Y1 questionnaire is considered a reference tool in clinical practice, and it is often adopted for annotating the event-based temporary stress state [45]. The first session was meant to acquire baseline data, during which the subjects had to rest with their eyes open. The second one, instead, was purposely designed to stress the subjects. To this end, we took advantage of the well-known Stroop test, a well-established paradigm requiring participants to solve two incongruent stimuli quickly. During the Stroop test, a series of incongruent color/semantic-meaning words are presented to the participants who are asked to answer based on the displayed tint within a 2 s time window. Moreover, we included a counter showing the consecutive successes as a motivational stressor and turning back to zero after an incorrect answer. To manage the sessions, the stimuli presentation, and the storing of the subject’s performance in reacting to the incongruent words, we developed a computerized version of the test based on the PyQt6 application. All the subjects were instructed on the experimental timeline before the start of the sessions, and they were seated in front of the PC running the Stroop test application. Furthermore, to reduce the risk of artifacts or spurious EDA and ECG variations, each subject was asked to keep their non-dominant hand steady as much as possible and not to speak throughout the experiment. The WMP was used to acquire, stream, and real-time process the EDA, the ECG, and the EEG collected from a Shimmer 3GSR+ unit and the DSI-24 system. PPG and RESP were collected alongside the other signals but were not processed. More specifically, the EDA was acquired at 50 Hz from two electrodes placed on the proximal phalanges of the index and medium fingers of the non-dominant hand. The PPG was collected at the same sampling frequency by placing an optical probe on the annular finger of the non-dominant hand. The EEG signals from the DSI-24 system were acquired at a sampling rate of 300 Hz by placing 21 sensors at locations corresponding to the 10–20 International System. For the ECG and RESP acquisition, we used the integrated channels in the DSI-24 headset. Specifically, we mounted two electrodes on the subject’s chest and a stretch-sensitive sensor on the abdomen.




2.4.2. Computational Performance Analysis


The system was evaluated in terms of computational performances to test eventual lags in the transmission of the data leaving the SFU. Considering the possible applications spanning from physiological acquisitions in a controlled laboratory setup to real-time health monitoring, we estimated the computational load (expressed in seconds) in different working contexts:




	
Physiological data streaming and remote storing.



	
Physiological data streaming, remote storing, and real-time processing of peripheral (ANS) signals.



	
Physiological data streaming, remote storing, and real-time processing of CNS signals.



	
Physiological data streaming, remote storing and real-time processing of peripheral and CNS signals.








The computational load was calculated over a time window of 6 min in agreement with the temporal length of the experimental timeline. Since the computational operations (from the signals acquisitions to their processing) were executed in parallel and negligible delays were accumulated during the data streaming, the results of this analysis can also be extended to longer time windows.




2.4.3. Statistical Analysis


The features computed from each participant’s signal by the WMP during the experimental timeline were statistically analyzed to evaluate whether the platform was reliable in recording significant variations of the nervous system activity during the stressor task. In particular, the feature values calculated within the rest session and the Stroop session were averaged and statistically compared through a non-parametric sign-rank test. The same test was applied to verify whether the experiment also induced significant psychological changes compared to the S.T.A.I. Y1 scores before and after the experiment.






3. Results


3.1. Computational Performance Results


The computational performance analysis showed the WMP’s capability to fit the requirements of several experimental scenarios. The lag in the data transmission between the SFU and real-time database, depending on the write time of the middleware, was equal to 0.1 s. Moreover, thanks to the modular process-oriented architecture, we further evaluated the system by separately real-time processing ANS and CNS signals. Over the time window of 6 min, the WMP performed the signal acquisition and processing of ANS signals in 0.10 ± 0.01 s and CNS data in 0.69 ± 0.14 s. The data processing unit’s multi-process structure guaranteed the processing steps’ simultaneity. Hence, no difference in computational performances was observed when ANS signals were streamed and processed alongside CNS data.




3.2. Statistical Analysis Results


The statistical analysis showed significant differences in those features that are commonly correlated to the physiological state changes induced by the Stroop condition [32,46]. The significant results related to the HRV features are summarized in Figure 5. In particular, LF, HF, Poincarè SD1, Poincarè SD2, RMSSD, pNN50, meanRR, and stdRR showed significant differences between Rest and Stroop. Specifically, we observed a decrease in most of the features estimating the parasympathetic nervous system activity (i.e., HF power (p = 0.0026), Poincarè SD1 (p = 0.0015), Poincarè SD2 (p = 6.1 × 10    − 4   ), RMSSD (p = 0.0015), pNN50 (p = 0.0012), meanRR (p = 4.27 × 10    − 4   ), stdRR (p = 6.1 × 10    − 4   ) [9,10]), which can indicate a reduced downregulating vagal effect putting the body in an alert state. Additionally, a decrease in LF power (p = 0.0043) was observed. However, since LF is produced by both parasympathetic and sympathetic divisions, it is possible that its decrease was due to a simultaneous effect of the emotional stressors on both the ANS branches. Finally, we did not find any significant difference in the LF/HF ratio.



The statistical test on the EDA features showed a significant increase in the mean level value (meanSCL; p = 0.012), which reflects a more aroused condition during the Stroop test (Figure 6). We did not find any significant difference considering the features extracted from the event-related component of the signal. This was probably due to the nature of the stress stimulus, which was a continuous long-lasting stimulation more than discrete acute stimuli.



Concerning the EEG frequency power analysis, among the tested frequency bands (i.e.,  α ,  β ,  γ ,  θ , and  δ ), we observed a significant increase in the  γ  waves (p = 0.012) during the Stroop test (Figure 7). These fast EEG oscillations reflect brain functions such as cognition and memory that are plausibly triggered by the stress-inducing task.



Overall, several features have shown a significant variation between the two experimental conditions, suggesting the expected significant decrease in parasympathetic activity and a simultaneous increase in the sympathetic and central cognitive functions, which can be traced back to a stressful condition [47,48,49].





4. Discussion


This work presents a novel WMP architecture that can be applied to different experimental setups in which multi-device and real-time characteristics are relevant. Moreover, on the one hand, it fits well with the growing interest in developing wearable devices and integrating into their software advanced signal-processing techniques. On the other hand, it fits into a context in which the IoT networks have been spreading further, enabling the establishment of new healthcare pervasive services [12] that aim to continuously collect clinically relevant data from subjects during their daily lives. Specifically, the WMP shows an IoT-like distributed architecture fully based on open-source solutions to interface multiple sensors and collect physiological data from them.



Contrary to other proposals in the literature and on the market, our platform combines four important properties in the same architecture: scalability, real-time processing, remote storage, and the use of only open-source solutions.



Scalability: The variability in protocols to access data and control the different wearable device technologies prevents the integration of heterogeneous systems into the same sensing network. The WMP addresses this issue through a modular and extensible architecture that does not limit the system to a specific device. Indeed, the platform can potentially interface with any wearable device whose manufacturer provides the SDK or the corresponding streaming protocol information. Additional wearable systems from different manufacturers can be integrated into the SFU by including a dedicated subprocess to handle the connection and communication without any change to the RDSPU. At the same time, the process-oriented structure of the SFU and data processing unit allows the WMP to connect a growing number of sensors without losses in computational performance. The possibility of connecting a wide range of ad-hoc heterogeneous sensors confers versatility to the whole platform that could be used in many application contexts requiring very different sensors, such as fitness tracking and continuous health monitoring. In this view, the WMP successfully managed different streaming protocols and technologies by interfacing two widespread research-grade wearable devices (i.e., the Shimmer3 GSR+ unit and the DSI-24 system).



Real-time processing: In many experimental applications (especially in ecological scenarios), a crucial aspect is the continuous monitoring of the subject’s psychophysiological state by continuously processing and extracting information from the signals. The WMP’s computational performances (including both data streaming performed by the SFU and storing and processing accomplished by the RDSPU) allowed the whole system to process the signals while they were collected and stored. The estimated computational loads and lags in the transmission of the information throughout the system were found to be in line with the temporal dynamics of the emotional phenomena of potential interest in many applicative contexts. Although the platform was tested on a simple stressful task, the implemented real-time processing functions could place the WMP in an active role in various scenarios. For instance, given the capability of detecting significant changes in the psychophysiological state, the WMP could be used to monitor workers’ stress or detect the insurgence of many psychological and emotional disorders. Moreover, the integrability of the adopted open-source solutions and the possibility of interfacing with external applications (e.g., Grafana) further extend the range of applications, including data visualization and constant access to potentially relevant clinical parameters.



Use of only open-source components: It is worth noting that the open-source software (i.e., software that can be freely used, changed, and shared in unmodified or modified form by anyone) implemented for each block of the system carries additional advantages in terms of flexibility, customizability, and cost-effectiveness. In particular, most parts of the WMP can be completely adapted to suit a specific application context without relying on manufacturers. In addition, the platform’s components are developed by third parties and continuously maintained by a large community. This means that, on the one hand, the risk of becoming obsolete is very low; on the other hand, the solution is always updated and secure.



Remote storage: The IoT architecture comprising the two remote storing systems of the data and features designed through InfluxDB and CouchDB facilitates the integration of the WMP with any psychophysiological model necessary for the application of the WMP. Indeed, cloud storage allows the collection of all the data in a single repository regardless of the location where the WMP will be used. Moreover, having all the data in a single repository allows the downstream model to be continuously updated/trained with the greatest amount of data, which is crucial for the model’s performance.




5. Conclusions


The study has presented a biosignal monitoring and processing platform entirely based on open-source solutions that offer the possibility of connecting multiple devices (commercial or not) maintaining high computational performance. The system integrates this solution into an IoT-like architecture capable of guaranteeing performance useful for real-time applications. Although previous studies have presented alternative platforms with some of these features, we have first merged them all into one solution that will be available online. Future works will focus on testing the WMP through different experimental settings requiring other device configurations and including ecologically valid scenarios.
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Figure 1. Summary of the WMP architecture. On the left side: The sensor fusion unit (SFU). On the right side: The remote data storage and processing unit (RDSPU). 
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Figure 2. The sensor fusion unit (SFU). On the left: The sensor layer is composed of the wearable devices to be connected. SP1, SP2, and SP3 represent the dedicated acquiring subprocesses for the streaming devices. SP4 is the subprocess in charge of data gathering and streaming over the MQTT protocol. On the right: The PyQt6 user interface developed to handle the data acquisition from the Shimmer3 GSR+ unit and DSI-24 system alongside metadata and subjects’ personal information. 
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Figure 3. (a) The DSI-24 system. (b) The Shimmer3 GSR+ unit. 
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Figure 4. The experimental timeline. 
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Figure 5. Results from the Wilcoxon sign-rank test considering the HRV-derived features. Statistically significant comparisons resulting in p < 0.01 are highlighted with ** and those resulting in p < 0.001 are highlighted with ***. 
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Figure 6. Results from the Wilcoxon sign-rank test considering the EDA-derived features. Statistically significant comparisons resulting in p < 0.05 are highlighted with *. 
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Figure 7. Results from the Wilcoxon sign-rank test considering the EEG-derived features. Statistically significant comparisons resulting in p < 0.05 are highlighted with *. 
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