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Abstract: Stress is now a serious disease that exists due to changes in working life and food ecosystems around the world. In general, it is difficult for a person to know if they are under stress. According to previous research, temperature, heart rate variability (HRV), humidity, and blood pressure are used to assess stress levels with the use of instruments. With the development of sensor technology and wireless connectivity, people around the world are adopting and using smart devices. In this study, a bio signal detection device with Internet of Things (IoT) capability with a galvanic skin reaction (GSR) sensor is proposed and built for real-time stress monitoring. The proposed device is based on an Arduino controller and Bluetooth communication. To evaluate the performance of the system, physical stress is created on 10 different participants with three distinct tasks namely reading, visualizing the timer clock, and watching videos. MATLAB analysis is performed for identifying the three different levels of stress and obtaining the threshold values as if the person GSR voltage i.e., relaxed for <1.75 volts; Normal: between 1.75 and 1.44 volts and stressed: >1.44 volts. In addition, LabVIEW is used as a data acquisition system, and a Blueterm mobile application is also used to view the sensor reading received from the device through Bluetooth communication.
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1  Introduction

Hans Selye has coined the term “stress” and he claims that stress is “the non-specific response of the body to any demand for change” [1] Stress can provoke fear and anxiety, and long-term stress can increase the risk of heart disease and mental problems like depression [2]. Hence, stress management is an essential element for human health. Moreover, individuals and medical practitioners cannot maintain track of variations in stress levels for a longer time. Technologies that sense stress automatically can become a strong tool that encourages people to modify their behavior, lifestyle and to maintain balance stress. Technology such as sensors can be used for obtaining an objective measurement of stress levels. Stress detection is implemented with distinct techniques and approaches. These techniques and approaches utilize the following inputs namely: physiological signal, behavioral manifestation, emotional manifestation, physical features, and facial expression, etc [3]. In physical features, the stress is identified through facial expression identification techniques. On other hand in behavioral manifestation, video-dependent feature extraction is implemented. Stress is detected with distinct factors of the body like temperature, heart rate, blood pressure, and humidity. The temperature of the body is employed to identify the stress status of a person and the normal temperature of an individual is 36°C–37°C [4]. The following value guides the condition of an individual depending upon temperature. If the body temperature is less than 26°C, then the person is highly stressed. If the body temperature is between 26°C–29°C, then the person is slightly stressed [5]. If the body temperature is above 350C, then the person is relaxed. HRV assists to identify the stress of an individual. HRV varies for every individual depending upon health status. The following HRV value suggests the health condition of an individual, if HRV > 50 then the individual is healthy, if HRV = 14-25 then the individual is a bit stressed, and if HRV = 2-15 then the individual is under hypertense [6]. The skin temperature identifies an individual’s exact stress through GSR and the electrodes of GSR obtain the sweat of the person [7]. The sensor data obtained is utilized for identifying the stress level. If the sensor data consist of maximum GSR peaks, then the person is highly stressed and if the GSR peaks are minimum then the person is in a relaxed state. The stress leads to high blood pressure, the range for identifying the stress is determined through diastolic pressure (<130) and systolic pressure (<100). Therefore, a system is required for monitoring the stress levels continually for some weeks or months.

A technique is proposed in this study to identify stress with GSR sensor where it is interfaced with Arduino and Bluetooth and further processed using LABVIEW and MATLAB. GSR utilizes two electrodes that were implanted on its fingers for sensing the stress [8]. The system transmits the information to a computer coordinator through Bluetooth and provides different data to a coordinator at the same time. The contributions of the study are as follows:

•   An IoT-compatible bio signal acquisition device is implemented to monitor stress with GSR.

•   The developed system is implemented in real-time by creating physical stress on 10 different participants with three different tasks, namely reading, watching the stopwatch, and watching videos.

•   The threshold values are identified through MATLAB analysis and if the person GSR voltage is 1.75 volts (relaxed), 1.44 volts-1.75 volts (normal), > 1.44 volts (stressed).

The organization of the study is as follows: Section 2 covers the literature review; Section 3 covers proposed architecture; Section 4 covers the component description that is utilized in developing the proposed system; Section 5 covers methodology; Section 6 covers the experimental setup and results.

2  Literature Review

A system is proposed with a GSR order for measuring stress. Moreover, a mechanism implemented with a similar algorithm with ZigBee communication for sending data through the various levels of stress tests [1]. Eye-gaze tracking device pupil diameter (PD) is proposed for recording the data of an individual’s eyes and PD changes assures the reliability, temperature, and ambient light levels and all subjects for ongoing experimentation eye gaze tracking system [2]. Proposed a system for the acquisition of signals that can be controlled via LABVIEW. It enables basic data acquisition, application. NI-DAQmx programming interface, data acquisition devices [3]. In this study, a method is implemented with two distinct stress detection for evaluating the stress based on signal amplitude and they are represented as ‘’Threshold relaxation ‘’ and ‘’ Threshold stress ‘’ [4]. An automatic stress detection system is implemented in real-time through physiological signals gathered from wearable devices and to extract necessary information from the physiological signals the modality-specific artifact removal and feature extraction are employed [7]. A cognitive stress-level detection system (Detect Stress) is designed for evaluating the stress levels of an individual obtained through data through a smartphone and wireless physical activity tracker (FITBIT) [8]. Electroencephalography (EEG) sensor is integrated into this study for detecting the stress of students and EEG signal is pre-processed with Hilbert-Huang Transform (HHT) to eliminate the artifacts [9]. A smart wristband is designed and developed for classifying the stress in older people by analyzing Electrodermal activity (EDA), Blood Volume Pulse (BVP), Inter Beat Intervals (IBI), photoplethysmogram (PPG) signal obtained in the wrist band [10]. In order of enhancing stress detection performance with HRV and GSR, a distinct set of features are proposed. Local maxima and minima (LMM) feature obtained from HRV and voting and similarity-based fusion (VSBF) from GSR sensor [11]. To validate the stress, a detection model is implemented with cortisol as a stress bio maker and the model utilizes GSR and PPG sensors for validating the stress level [12]. A flexible conductive strip is designed and implemented to implement GSR based system to evaluate the monitoring level of GSR as a part of smart e-healthcare [13]. The research aims to discover individual characteristics that indicate the presence of stress and to link these characteristics with data from biometric signals. To identify these qualities, on the one hand, emotional/psychological evaluations are collected through predefined questionnaires, and, on the other hand, characteristics are obtained from bio-signals that are recorded with wireless sensors [14]. The aim is to develop a psychological stress detection technique based on physiological parameters that can be entered in wearable vital signs monitor Electrodermal Activity EDA, ECG, and Skin Temperature (ST) [15]. A method is proposed to reconstruct skin galvanic response peaks recorded by a wrist-worn device using compressed sensing and a random measurement matrix was used in the reconstruction phase [16]. A detailed review is also presented in the Tab. 1, where it presents the findings and conclusion of previous studies detailed. The review is in the Tab. 1 concludes that the wearable devices with the GSR sensor are a possible methodology for implementing a system to identify the stress of an individual. Moreover, an automated system is suggested to be implemented for detecting the stress level.
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3  Proposed Architecture

Generally, it is challenging to find the stress of an individual through the face emotions because the emotions of the face deliver false results related to stress identification. With the advancement in sensor and communication technology, they are a wide extension of building an automated system for detecting the stress level of an individual. In this, we proposed a GSR sensor-based system for detecting the stress automatically and communicating it to the individual personal device through a Bluetooth connection. The proposed system is represented in Fig. 1. Here the GSR sensor measures the electrical conductivity of the skin. The conductive voltage through GSR goes to the Arduino. Arduino converts the analog signal to the digital signal and then further data is sent to the data acquisition system. The threshold value is preset for the system through MATLAB by experimenting on 15 individuals. Here the MATLAB experiment reveals that the three different individual states namely: stress, relax, and moderate. This threshold data as a digital output is transmitted to the Mobile app receiver through a Bluetooth transmitter. The threshold detection of an individual is communicated to the Blueterm mobile app through Bluetooth.
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Figure 1: Proposed system for stress detector

4  Hardware Implementation

In this section, we will discuss the distinct components that are utilized for detecting stress. The components employed in this study are GSR Sensor, liquid crystal display (LCD), Arduino microcontroller, and Bluetooth module. The GSR sensor is used to detect the electrical conductivity of the skin to determine stress levels. The Bluetooth device is used for wireless communication due to its low power consumption and ability to connect to both the master and slave nodes. The information gathered is delivered to a smartphone app, which is convenient and portable. A GSR sensor enables us to monitor sweat activity connected to emotional excitement. We use the electrical characteristics of the skin to measure the GSR. In particular, how the resistance varies with the activity of sweat glands, i.e., greater activity in sweat glands, greater suddenness, and hence less resilience to the skin.

The most common measure of conductance is a GSR signal, not resistance. Conductance is measured in Siemens and is the inverse of resistance (leading = 1/resistance). The skin’s behavior makes it easier to perceive the signal since the bigger the sweat gland’s activity, the more skin behavior. In the HC-05 Bluetooth SPP (Serial Port Protocol) module (Fig. 2), a transparent wireless serial assembly is utilized for easy installation. The Bluetooth interface has been completely approved with the 2.4 GHz radio, 3 Mbps modulation baseband, and Bluetooth v2.0 + EDR transceiver (Enhanced Knowledge Rate). The Bluetooth module’s hardware specs call for a sensitivity of −80 dBm. RF transmits the power of up to + 4 dBm, 1.8 V low-power operation, 3.3 V 5 V I/O, Port Input Output Control, and UART interface with configurable baud rate.
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Figure 2: Skin conductance observed through GSR and bluetooth module

4.1 Proteus Simulation Model

A proteus simulation is implemented following the integration of the components (Fig. 3). The Proteus simulation is used during hardware development to evaluate the performance of the produced device by simulating it in a virtual environment. The computer unit in the proteus simulation is an Arduino Uno with an ATMega 328P controller. Pins ‘2’, ‘3’, ‘4’, ‘5’, ‘6’, ‘11’, and ‘12’ are used to connect a Liquid Crystal Display to an Arduino Uno. The GSR sensor’s signal pin is linked to the Arduino Uno’s A0 pin. The Bluetooth TxD pin is linked to the Arduino Uno’s Rx pin (Pin ‘0’), while the Bluetooth RxD pin is attached to the Tx pin (Pin ‘1’). The buzzer is linked to the Arduino Uno’s Pin ‘7.’ The signal generated by the GSR sensor is sent to the Bluetooth module during the simulation.
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Figure 3: Proteus simulation

5  Methodology

In this section, we discuss the methodology that is utilized for implementing the GSR sensor-based system. The system methodology illustrated in Fig. 4 explains the flow of the process. The six different stages that are involved in the proposed methodology are illustrated as follows: Electrodes, Conductive voltage, Acquisition System, processing, and threshold parameter. Finger electrodes attached to the skin conductive voltage fed to the microcontroller acquisition system produce and the ADC converter output values using the digital output after processing by using parameters like visual stimuli. Based used to set the threshold is process is attached to the threshold detected by the installation, the conductive voltage stress is displayed on the display unit.
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Figure 4: System methodology

Here the integration of electrodes of the GSR sensor and microcontroller establishes the stress monitoring hardware prototype and it is shown in Fig. 5. The stress of an individual is evaluated with a GSR sensor is processed with the assistance of Ohm’s law. In ohm’s law, the voltage is directly proportional to the resistance, the resistance will increase because the voltage will increase. During this context, the stress on the individual’s skin condition, the conduction of sweat multiplies, and resistance decrease. The hardware prototype is accomplished by connecting the GSR sensor a kind of analog sensor to the analog pins of the microcontroller and digital pins of LCD to the digital pins of the microcontroller. This whole system works on a 5 V power supply. Here, supply is given through a power bank to make it portable.

[image: images]

Figure 5: Hardware attached to an individual

5.1 Data Acquisition

A data acquisition system software package and a variety of hardware or management of the world to live within the physical characteristics of a thing that may permit. LabVIEW is employed as a data acquisition system. LabVIEW is an interface with Arduino IDE for acquiring the data as shown in Fig. 6. The following are features that are present in the front panel of LabVIEW: VISA Resource-To select the COM Port; Connection type(USB/Serial)-To select the communication channel; Analog Input pin(0)-To select the Input pin type; Conductive voltage-It represents the voltage indicator; Baud Rate(115200): To set the Baud rate; Board Type(Uno): To select the Board type; Stop: To stop the recording process; Conductive voltage waveform: To indicate the real-time data plotting and Table: To store the real-time data.
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Figure 6: Data acquisition system in LABVIEW

5.2 Threshold Parameter

Coordinate axis range of the parameter information on the Associate Degree provides estimates of the distribution of the minimum space. Lead either calculable or information such as historical method data is supported. A bar graph of the distribution of numerical knowledge is a graphical example. The threshold level for identifying the difference of stress is obtained through the histogram technique. The study reveals that during stress, the body continues in the nourishment alert state resulting in an accumulated electric skin phenomenon which can be monitored by a phenomenon detector for skin electrical phenomena to gain knowledge about electrical phenomena. The phenomenon detector is just employed for grounds-truth purposes as a partner in the nursing external detector. A component of the phenomenon detector activities took place for each session for five minutes, wherever the participants wear and rest. For each session, this component of the activity offers basic readings (i.e., skin behavior). We are tendencies to compute the difference between common baseline readings in the activity section and thus the average readings of the phenomena during the specific activities to live variations in stress level for each meeting.

6  Real-Time Experimental

In this section, we present the real-time implementation of a stress monitoring device for sensing the stress with a GSR sensor and LabVIEW GUI. The data obtained on the data acquisition system i.e., LabVIEW is utilized for specifying the threshold values to determine the level of stress. In this study, the physical stress is created on 10 participants by allotting them three distinct activities namely reading in speed, focusing on the timer clock, and watching videos. The average of these tasks was calculated which is then used to take out the maximum and minimum values. Further, the threshold limit value is specified by the histogram detection methodology for the number of subjects and the number of dimensions between MATLAB. The histogram of four distinct professions is based on the techniques displayed in the conductive voltage field as calculated.

6.1 Analysis of Stress Monitoring Device

A stress Monitoring Device is used to monitor the stress level of the person. The final prototype of the device is illustrated in Fig. 7. The real-time data is obtained by attaching the electrodes on the two fingers of a person to the microcontroller. The microcontroller then compares the obtained value from the value set as a threshold, the threshold value is set by doing the comparative study of the 15–20 participants. Thus, based on the threshold value, it displays three conditions that are stressed, relaxed, and moderate condition. The conductive voltage generated is displayed on the LCD. Also, the Bluetooth device that is interfaced with the microcontroller receives the data and transmits it to the Android App that is Blueterm on the receiver side.
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Figure 7: Stress monitoring device

Now the device is attached to the 10 participants for evaluating the performance of the system. As discussed earlier in this section, the three distinct tasks are allotted to 10 participants to realize physical stress. The average of these tasks was calculated which is then used to take out the maximum and minimum values. The average value is illustrated in the Tab. 2. Accuracy level can be increased by increasing either the number of inputs or by increasing the number of participants. Here, in this project number of participants is increased.
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Moreover, we have presented the graphical representation of three participants based on three different tasks like reading analysis. Figs. 8a–8c, presents the analysis of user ‘1’ for three different tasks. In the graph the horizontal (category) on the x-axis and the vertical(value) on the y-axis for the single user1 for reading analysis. The variation of the graph indicates the level of stress.

[image: images]

Figure 8: Reading, timer clock, and video analysis of USER 1

Figs. 9a–9c, presents the analysis of user ‘2’ for three different tasks. In the graph the horizontal (category) on the x-axis and the vertical(value) on the y-axis for the single user1 for reading analysis. The variation of the graph indicates the level of stress.
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Figure 9: Reading, timer clock, and video analysis of USER 2

Figs. 10a–10c presents the analysis of user ‘3’ for three different tasks. In the graph the horizontal (category) on the x-axis and the vertical(value) on the y-axis for the single user1 for reading analysis. The variation of the graph indicates the level of stress.
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Figure 10: Reading, timer clock, and video analysis of USER 3

6.2 Threshold Value for Stress Detection

The following steps are followed for confirming the threshold level. The threshold level is taken between several samples on the x-axis and the number of conductive voltages on the y-axis in volts; the level of accuracy of the values in the graph depends on the enlargement of the graph; the histogram shown in Fig. 11 used to represent the average values of the samples that are between two participants; participants were given the visual stimuli task. Each person was allotted one min for three tasks. Then the average of these tasks was calculated which is then used to take out the maximum and minimum values. The threshold level evaluation is performed between the two participants with different cases.

[image: images]

Figure 11: Graph of the first case with two participants

Fig. 11 illustrates that the highest conductive voltage of the first participant is 1.2 v, and the minimum conductivity voltage is 0.9 v. The maximum taping voltage of the second participant is 2.8 volt and the minimum taping voltage range in this figure is 0.9 volt and below. Fig. 12 illustrates that in the first participant there is a maximum conductive tension of 1, 4 volts and a minimum conductive tensity of 1.25 volts. The highest conductive voltage of the second participant is 2.4 volts and the minimum conductive voltage is 2.1 volts. Fig. 13 illustrates that the range for maximum conductive voltage is 1.2 volts and for the first participant the range for minimum conductive voltage is 0.9 volts. The greatest conductive voltage in the second participant is 1.72 volt, and the minimum conductive voltage is 1.64 volt.
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Figure 12: Graph of the second case with two participants
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Figure 13: Graph of the third case with two participants

Fig. 14 illustrates that the maximum voltage for the first competitor is 1.6 v, the lowest voltage for the first competitor is 1.5 v. The highest conductive voltage of the second participant in this figure is 1.25 volts, and the minimum conductive voltage is 1.21 volts.
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Figure 14: Graph of the fourth case with two participants

Fig. 15 illustrates the maximum conductive voltage of the first participant is 1.7 volts and the conductive voltage of the first participant is 1.5 volts. The highest conductive voltage in the second participant is 1.7 volts and the minimum conductive voltage range is 1.3 volts and lower.
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Figure 15: Graph of the fifth case with two participants

From all the cases it is concluded that the conductive voltage of the first participant is maximized by 1.8 volts and the conductivity is minimized by 1.7 volts. The highest conductive voltage varies from 1.7 volts to 1.3 volts in this figure in the second participant. It has been decided that the maximum conductive voltage ranges from 1.75 volts and above and the minimum conductive voltage ranges from 1.44 volts. Based on these values the person’s GSR voltage can be categorized as Relaxed: <1.75 volts; Normal: between 1.75 and 1.44 volts and stressed: >1.44 volts.

The Blueterm App is solely placing a Serial Terminal for your automaton Phone or pill. It provides several of the fundamental options you have got come back to expect from a typical Serial Terminal on a laptop. the massive distinction is that it’s on your phone or pill, which it’s designed specifically to figure with Bluetooth to Serial devices. The real-time sensor values from the stress monitoring device are visualized on the blue term app through Bluetooth communication and it is shown in Fig. 16.
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Figure 16: Blueterm android app

Tab. 3 provides a comparative analysis to address suggested study advances vs. previous studies for stress detection. The main focus of previous research was the integration of stress monitoring devices. Using a wireless hardware-enabled device, a limited investigation found threshold values for identifying stress levels. Suggested research uses Bluetooth and Wi-Fi to identify IoT-enabled stressors. To determine the threshold value, a specific hardware implementation is used. Experiments with three activities were carried out on different consumers in the process of determining the threshold value. The three voltage state threshold values are determined using MATLAB analysis. Furthermore, the proposed system logs sensor data on the cloud server through Wi-Fi.

[image: images]

7  Conclusion

Stress monitoring is a significant task for analyzing the stress levels of an individual for reducing the risk of obtaining many more diseases due to stress. Generally, the stress can be identified with distinct inputs namely: physiological signal, behavioral manifestation, emotional manifestation, physical features, and facial expression. Moreover, other factors like temperature, HRV, humidity, and blood pressure. In this study, we have considered the humidity factor for identifying the stress of an individual. In this study, an IoT-enabled bio-signal acquisition device is developed and implemented with an Arduino controller, GSR sensor, and Bluetooth for monitoring the stress of an individual in real-time. LabVIEW is employed as a data logger for logging the sensor data of the device. The performance of the developed system is evaluated by creating physical stress on the 10 participants by allotting three distinct tasks namely reading, visualizing the timer clock, and watching videos. Moreover, the graphical representation of the stress level of the three individuals is presented in this study based on three distinct tasks. MATLAB analysis is performed for identifying the threshold value of three different states and the following are the threshold value that is obtained as Relaxed: <1.75 volts; Normal: between 1.75 and 1.44 volts and stressed: >1.44 volt. Blueterm application is utilized for visualizing the sensor data of the device over the mobile through Bluetooth communication.
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Table 3: Comparison of proposed study with existing studies

Ref Objective Acquisition Threshold value

[27] Electronically nose (Enose) A graphic interface is designed Only separate signals are
for stress detection is achieved measured for stress
through emotional sweating detection.

[28] Deep learning is used to An open-source Python This research focuses on
extract GSR characteristics method for obtaining noisy the number of peaks and
for stress detection. naturalistic GSR data. the maximum peak

amplitude.

[29] Monitoring GSR using a Android The hardware only
mobile application Application implemented for collecting

for GSR

[30] Firefighters’ gloves were fitted The data is collected via a Threshold

with a wireless sensor node
prototype for real-time stress
detection.

sensor node attached to the
gloves.
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Table 1: Literature review

Research Sensors & communication Conclusion
[17] Wireless BAN, GSR, Stress monitoring using WBAN.
LabVIEW.
[18] Non-invasive measurements, textile Importance of cardiac and respiration.
electrodes.
[19] Behavior, Monitor functional Health. Multi-sensor behavior monitoring
system.
[20] Zigbee, skin resistance. Detection of different states through
GSR.
[21] Mental stress, stress classifier. Physiological feature extraction and
classification methods.
[22] Biomedical Monitoring, sensor Physiological signals do affect due to
systems. stress stimuli.
[23] Physiological parameters. Health state monitoring system.
[24] Wearable sensors, patient monitoring, Access control using Zigbee devices.
Data communication.
[25] The human factor, signal processing, Stress recognition using multi-model
Clinical diagnosis. bio-signal.
[26] Physiological stress recognition, stress An automated system of stress

determination, behavioral data.

determination.
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Table 2: Visual stress analysis

Subjects Tasks allotted

Reading in speed Focusing timer  Seeing video

(1 min) clock (1 min) (1 min)
User 1 0.3626 v 0.4312v 1.2495v
User 2 2.6852 v 2.6852 v 2.2393 v
User 3 1.4063 v 1.4063 v 0.8575v
User 4 2.0972 v 2.3324v 2.1462 v
User 5 1.5386 v 1.6023 v 1.5191v
User 6 1.7052 v 1.5092 v 1.4357v
User 7 1.1368 v 1.2741v 1.2495v
User 8 1.6219v 1.4212v 1.2397v
User 9 1.7346 v 1.6072 v 1.8473 v
User 10 1.1417 v 0.9996 v 0.8722v
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