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Summary  

 

The remote measurement of physiology is an interesting topic that has gained relevance 

in recent years as it can be a promising alternative to traditional methods to detect body 

signals. In particular, remote photoplethysmography,   which consists in the distant 

measurement of the pulse from videos of subjects, has shown a lot of potential, 

successfully being used to measure the heart rate variability. 

 Heart rate variability (HRV) is mostly regulated by the autonomic nervous system 

(ANS). The parasympathetic branch of the ANS, influences heart function when the 

subject is in a relaxed situation, increasing its variability and lowering the heart rate. On 

the other hand, the sympathetic branch is responsible for raising the heart rate and 

lowering the variability when facing a dangerous or stressful situation. 

In this project, we will explore the potential of remote photoplethysmography as a tool 

for non-contact measurement of stress. 20 subjects took part in an experiment designed 

to induce sates of relaxation and mental stress while their faces were being recorded with 

a camera.  

The pulse signals were extracted from the video and used to obtain a set of measures of 

HRV, then we compared the measures corresponding to rest and stress states.  

Our results indicate that the developed system could estimate the heart rate successfully, 

showing low error in comparison with the ground truth. We also found significant 

differences between some of the HRV measures for the relaxation and stress conditions. 

However, some of the measures obtained showed low correlation with the ground truth 

suggesting that the related HRV differences between rest and stress states may be 

originated by other factors. 

Nonetheless, this technique shows a lot of potential and could be used for real life 

applications. 
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1. INTRODUCTION 

 

1.1 Motivation and goals 

 

Detection and recording of physiological signals has been for a long time a trusted way 

to obtain information about the functionality of the body, and it has been used in 

healthcare for investigation, diagnosis and monitoring. Body signals are usually measured 

by means of specialized medical devices using sensors that involve contact with the 

subject. These sensors can be uncomfortable to wear and invasive, limiting their 

practicality in situations where long-term monitoring is needed or if a test requires the 

patient to move freely. The ability to obtain these signals remotely, would open a new 

field of possible applications in healthcare, as well as on advanced interactive 

experiences. Last years, digital cameras have become a very common item in daily life. 

The availability of the cameras combined with the desire to reduce the physical 

restrictions of physiological measuring, has inspired the emergence of remote 

photoplethysmography (rPPG). This technique is based on traditional 

photoplethysmography and consists on detecting heart-generated pulse waves (Blood 

volume pulse, or BVP) by measuring color changes of the skin due to the perfusion of 

blood trough the superficial tissues [1]. Different approaches of rPPG have already been 

used to measure signals derived from the BVP signal, such as the heart rate or the heart 

rate variability (HRV) [1]. 

In this thesis, we aim to exploit this novel technique to recover the BVP signal from facial 

videos. To center the experiment to a real-life scenario, and really get an intuition of the 

possible applications of rPPG, we focused on measuring HRV from the obtained signal 

and use the values for the assessment of cognitive stress. 

To do so, we designed an experiment were we recorded people under situations of rest 

and stress with a camera, while also measuring their electrocardiogram to use it as ground 

truth. Then we used existing rPPG procedures to extract the BVP signal from the videos 

and subsequently computed HRV measures from it. We did the same with the ground 

truth data to be able to validate the obtained results. 
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To test if the technique could be used as system to remotely estimate acute cognitive 

stress, we looked for statistically significant differences between the measures observed 

during rest state and those observed under cognitive stress. 

Finally, to evaluate whether the procedure could be used in a real-life application, we 

used the data to train a series of classification models and tested their accuracy when 

predicting the state (rest or stress) of new samples.  

 

1.2 Previous work 

 

 Remote measuring of stress and physiology has been achieved using thermal cameras [2] 

and laser Doppler radars [3], however these devices are expensive and very specific, 

making them rarely available. 

In 2008, Verkruysse, et al. Demonstrated how the BVP signal could be measured with a 

digital camera using ambient light as the light source [4]. They found that the red, green 

and blue channels (R, G, B) of a digital camera contained the BVP signal with different 

relative strengths, being the green channel the one with highest pulse signal and lowest 

noise. 

Based on the knowledge that the signal was contained in all three channels, Poh et al. 

proposed the use of independent component analysis to compute a linear combination of 

the channels [5]. This method reduces artifacts and improves the accuracy of the 

recovered signal. Posterior studies used a novel digital camera with five color channels 

(R, G, B plus cyan and orange) [6]. The increased number of observations led to a better 

performance, however, the exclusivity of the device makes it less attractive than 

widespread cameras following the RGB standard, reducing the potential of the 

improvement. The idea of using more observations have also been tested by taking 

measures of different regions and considering them as additional information [7]. rPPG 

has also been used together with other remote measures like ballistocardiogram video 

recording to improve the robustness of the system and try to measure different 

physiological signals such as blood pressures [8]. More recently, novel algorithms were 

proposed in the preprocessing stages of the framework in order to reduce artifacts 

produced by movement, with the goal of obtaining a clearer signal [9, 10, 11]. 
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This year, a review of the actual rPPG paradigm was published. In that work, the authors 

analyzed works about the subject and tried to bring out the performance limitations of 

this method. They found that some of the studies were difficult to reproduce due to an 

incomplete description of the experimental setups, the lack of publicly available datasets 

and unreliable ground-truth devices. They concluded that the signal could be recovered 

without the use of very sophisticated signal processing methods [12].  

Regarding the use of rPPG to remotely assess stress, McDuff et al. used HRV measures 

obtained from facial videos for this purpose with success [13], however they used the 

previously mentioned 5-channel digital camera, which showed far best performance than 

cameras with regular RGB sensors. In this project we try to answer the question of 

whether this kind of results can be achieved without a 5-channel camera. 

 

This thesis is structured as follows: In section 2 we provide the theoretical background 

necessary to understand the underlying physiological processes that support this work. 

Then, in section 3 we detail the materials and methods used to obtain and analyze the 

results. Subsequently, in section 4 we present the results obtained in the experiment that 

we performed and we discuss them in section 5. Finally in section 6, as a closure for the 

thesis, we formulate the set of conclusions that can be drawn from our results. 

2. Background 

 

2.1 Stress 

 

When we talk about stress in the physiological context, we refer to the responses produced 

in the organism when it faces a condition that is threatening, challenging or something 

that constitutes a physiological or physical obstacle [14]. There are different categories 

of stress, depending on the condition that is producing the response, its duration, and its 

frequency. In this thesis we are going to focus on the detection of acute mental stress. 

This kind of stress is the response to a threatening or challenging mental stimuli that 

happens within a short time span. 

 

Although stress is a survival reaction that predisposes the organism to confront or escape 

the threat and can be life-saving, it has downsides when the organism is exposed too often 

to it, becoming chronical stress. Mental stress has been investigated in various fields and 
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it has been shown that it has destructive effects on the everyday life [15, 16]. It is also 

related to cardiovascular diseases, cognitive dysfunctions, depression and it can lead to 

illness and death. Also, it is estimated that about 50% of employees suffer of what is 

called “work stress” [17]. This can have fatal consequences, especially in jobs that involve 

risky situations, since mental stress decreases performance in daily routine tasks [18]. 

For these reasons, being able to detect when somebody is confronting a dangerous amount 

of stress would have a positive impact in health, because once it is observed it can be 

treated reducing further damage. 

 

At the physiological level, the autonomic nervous system (ANS) is one of the major 

systems involved in the stress response. The ANS is a division of the peripheral nervous 

system that influences the function of internal organs in a non-conscious way. It has an 

impact in body functions such as digestion, respiration or the heart rate. 

The ANS is divided in two branches that produce opposite responses. The sympathetic 

nervous system (SNS) produces the set of reactions related as the fight-or-flight response. 

That is, the set of physiologic reactions that happen in front of a harmful or threatening 

stimuli. Therefore, the SNS is the responsible of the processes involved in stress. 

On the other hand, the parasympathetic nervous system PSNS, regulates the rest-and-

digest response that relates to the processes involved in calming and resting situations. 

 

 

2.2 Measuring stress 

 

There are different procedures to assess stress in humans. Some of them involve the 

measurement of biochemical markers such as cortisol [19], salivary α-amylase, plasmatic 

norepinephrine or interleukins [20]. However this kind of biomarkers are not the best 

option for acute stress detection since they require the extraction and analysis of body 

samples. An alternative consists of measuring physiological and behavioral changes. 

Some of the most used ones are the galvanic skin response (GSR) that measures the 

electrical conductivity of the skin, which increases with arousal (stress is characterized as 

a state of high arousal and negative valence in the circumplex model of affect [21,22], a 

model used to describe affective states), the size of the pupils, which widen in a situation 

of acute stress, and finally different measures of heart rate variability (HRV) [23]. 
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2.3 Heart rate variability 

 

HRV measures the variations in the time intervals between heartbeats over a period of 

time. Its study for medical applications began the second half of the twentieth century and 

its clinical relevance grew over the years as it was shown to be a good indicator of several 

health issues, especially in the cardiovascular system [23].  

There are several metrics that can be computed as HRV features, however some of them 

become unreliable as the time window studied becomes shorter. Since in this project we 

work with short-term recordings (samples of less than 15 minutes), we are going to focus 

on the appropriate metrics for this kind of data [24]. 

HRV measures can be divided with respect to their corresponding domain when 

computing them, we have got time-domain measures and frequency-domain measures. 

The full list of measurements used in this project are described in table 1. The term “NN” 

is used to bring out that the intervals used are computed between “normal” beats. 

 

Table 1. HRV measures. 

Time-domain measures  

AVNN (seconds) Average length of all beat-to-beat intervals. 

SDNN  Standard deviation of all beat-to-beat intervals. 

rMSSD  Square root of the mean of the squares of differences between 

adjacent beat-to-beat intervals. 

pNN50 (percentage) Percentage of differences between adjacent beat-to-beat intervals 

that are greater than 50ms with respect to the total. 

Frequency-domain measures 

VLF spectral power 

(percentage) 

Very low frequency. Percentage of spectral power of all beat-to-

beat intervals between 0 and 0.04 Hz with respect to the full 

spectrum. 

LF spectral power 

(percentage) 

Low frequency. Percentage of spectral power of all beat-to-beat 

intervals between 0.04 and 0.15 Hz with respect to the full 

spectrum.   

HF spectral power 

(percentage) 

High frequency. Percentage of spectral power of all beat-to-beat 

intervals between 0.15 and 0.4 Hz with respect to the full 

spectrum. 

LF/HF Ratio between low and high frequency spectral powers. 
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2.4 Stress and heart rate variability 

 

We know that in a resting state the body processes are regulated by the PSNS, and the 

stress response is mediated by the SNS, therefore, knowing how these two systems affect 

the HRV allows us to differentiate between the two states by measuring it [25].  

It has been shown that mental stress has two major effects on HRV. The SNS influences 

the heart by increasing the contractility of its fibers and rising the heart rate, this way 

more blood is carried over the body faster allowing the fight-or-flight response.  

This translates to HRV in a reduction of the variability by making the heartbeats faster 

and more regular. 

In our list of measurements, this behavior will make all the time-domain features have 

lower values in stress state in comparison with resting state.  

Regarding the frequency-domain features, HF spectral power has been related to the 

action of the PSNS, increasing it when on resting state. LF and VLF spectral power are 

both modulated by the SNS and PSNS however, it appears to by higher under conditions 

of stress. Finally the LF/HF power ratio is expected to also be increased during cognitive 

stress [26, 27]. With this information we know how we expect our measurements to turn 

out given different situations. 

 

2.5 Measuring HRV 

 

In order to obtain HRV measurements, we need first to detect the heartbeats. The most 

trusted method is electrocardiography (ECG), because it records the electrical activity of 

the heart using electrodes placed on the skin and has a clear waveform that grants a precise 

measurement of HRV. An alternative to ECG is photoplethysmography (PPG) that 

obtains the heart rate by measuring the blood volume pulse (BVP). BVP is the signal 

originated when a volume of blood moves across a tissue. PPG measures this signal by 

sensing the changes in light absorption due the movement of blood, it requires a light 

source and a light sensor.  

The problem with ECG and PPG is that they require contact with the body of the subject 

to make their measurements. This limits their potential since they require subjects being 

close to the device and can have artifacts when the sensor/s don’t have good contact with 

the skin or when the subject/patient moves.  

https://en.wikipedia.org/w/index.php?title=Photoplethysmograph&redirect=no
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Recently, a new technique derived from PPG that allows non-contact recovering of the 

BVP has emerged, remote PPG (rPPG). It is based in the fact that when blood moves 

through the superficial tissues with every heartbeat, the light reflectance of the skin 

changes, producing a slight difference in the color of the skin. This difference is very 

subtle and cannot be appreciated by sight, however, with the use of a camera and image 

processing algorithms, these changes can be transformed to a BVP signals. 

 

3. Materials and methods 

3.1 Camera 

 

The cameras used in previous rPPG works, range from very expensive cameras with 

special sensors, to low-cost digital cameras or even webcams. However, studying the 

impact of video compression on remote measuring of cardiac pulse, it was shown that 

standard video compression algorithms present on most cameras degrade the quality of 

the signal even at low constant rate factors [28]. In order to assess stress from HRV 

measures, we need to obtain a signal that is as close as possible to the real pulse signal. 

For this reason we used a Basler ace acA640-120uc camera (Basler, Ahrensburg, 

Germany), because it allows video acquisition in uncompressed formats. This camera 

works with a custom software (pylon Viewer, Basler) and it is able to record video in raw 

Bayer-format. In particular we recorded the frames in bitmap format, at a resolution of 

658x492 pixel and 8 bits of data per pixel. The frame rate was 30fps and the exposure 

time 30ms. This configuration was the one that showed best results in signal clarity upon 

several trials that were performed prior to recording the experiments with the subjects. 

 

3.2 Lighting 

 

The illumination of the room where the experiment was realized was provided by two 

300W LED bulbs with a color temperature of 5000K. The lights were placed facing the 

wall to provide a uniform indirect illumination to the whole compartment. The specific 

placement of the LED bulbs is shown in Figure. 1. 

 



 

 8 

3.3 ECG measurement 

 

Ground-truth physiological measurements were measured using an ECG100C 

Electrocardiogram Amplifier Biopac module embedded to a Biopac MP150. The 

amplifier output can be selected as R-wave instead of normal ECG, making it more 

suitable for our project when comparing with the signal obtained through the rPPG. The 

output is acquired using three electrodes attached to the subject skin at the forearm and 

neck. The measurements are synchronized with the recordings of the camera using time 

stamps from the Acqknowledge data acquisition software from Biopac, and used to 

validate the results of the rPPG. 

 

3.4 Tasks 

 

To discriminate samples corresponding to rest and stress samples, we need first to make 

sure that we obtain data that corresponds to those mental states. There are different tasks 

that are commonly used to induce mental stress; in our case we used a modified version 

of the Montreal Imaging Stress Task (MIST). The MIST is a three-part test that was 

developed as an investigation tool to study the effects of perceiving and processing 

psychosocial stress in functional imaging studies [29]. It was tested in three independent 

studies were salivary free cortisol (a stress indicator) of the subjects was measured, and 

they concluded that indeed the subjects were experimenting mental acute stress during 

the task.  

In our study the test was implemented in PsychoPy, an open source software used for the 

generation of experiments for neuroscience and psychology [30].  

It consisted of three stages that were realized subsequently. Before each stage there were 

written instructions for the subject, explaining how to complete each task.  

Rest stage: The first part of the test consists of looking at images of natural landscapes 

on the monitor of the computer while listening to quiet music. The data samples extracted 

from these stages are going to be considered rest state samples.  

Training stage: The subject is asked to mentally solve a set of arithmetical operations 

with different levels of difficulty, answering as fast as possible using the numerical pad 

of the keyboard. After every answer, the words “correct” or “incorrect” are displayed on 

the screen depending on whether the answer was right or wrong. 
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 Induced stress stage: The final part is designed to induce mental stress, implementing 

two conditions to achieve it: time limit and negative feedback. The subject is asked again 

to solve arithmetical operations but this time, there is a time limit to answer. If the subject 

does not answer within the time limit, a message of “timeout” is displayed. The time limit 

is computed form the response times of the subject during the training phase, being always 

shorter than the average response time. This mechanism forces the percentage of correct 

answers to be between 20% and 45%. In addition to that, there is a layout showing the 

performance of the subject compared to fictitious average performance which is always 

higher. Also every once in a while, when an answer is wrong or there is a timeout, a 

message appears warning that the bad performance of the subject may be compromising 

the results of the experiment.  

Finally, after all tasks are completed, the subject is asked to indicate the level of stress 

perceived during each task in a scale from one to seven. 

 

3.5 Subjects 

 

For this experiment 20 participants were recruited (9 males, ages 18 to 39, mean age 23.2 

years). All participants completed a comprehensive written informed consent prior to 

their voluntary participation. In the document, all the tasks were explained and they were 

told that they could stop the experiment and withdraw their participation at will at any 

given time. The data was anonymized by using codes instead of participant names. 

 

3.6 Experimental set-up 

 

In Figure 1, there is a layout showing the set-up with the main components of the 

experiment. The subjects were sitting in front of a table where the Biopac and the 

computer that was used to perform the MIST were standing. Two electrodes were 

attached to the subjects forearm with the previous application of conductive gel and 

secured with tape, the third electrode was placed in the neck, to allow the other arm to 

move to complete the tasks. Behind the table there was a camera facing the subject’s face. 

Then, two light bulbs were placed pointing to the wall, each one at one side of the camera. 
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3.7 Obtaining the BVP signal 

All the data was processed offline using MATLAB R2017b (The Mathworks, Inc.). The 

first step was to split the videos, to separate the sections corresponding to the rest and 

stress stages of the MIST.  

 

a) ROI selection 

To recover the BVP signal using rPPG, we need to select a region of interest (ROI) within 

the face with exposed skin, and average the RGB pixel values of that region at every 

frame. We first used MATLAB’s default face detector, which is an implementation of the 

Viola-Jones algorithm. The ROI was then fixed a region in the forehead computed form 

the output of the detector. This algorithm performed good at detecting the faces, but the 

position of the bounding boxes that it generated was not very consistent. This caused the 

ROIs to move significantly between consecutive frames, therefore distorting the final 

signal.  To solve this problem, a way of consistently select the same ROI with high 

accuracy was needed. This was resolved using a custom face landmark detector [31], 

which allowed a precise selection of the ROI at every frame. The final regions used in 

this project are shown in Figure 2. The areas corresponding to the eyes and mouth were 

excluded to avoid artifacts related to blinking and moving. 

 

Figure 1: Experimental set-up. Main elements: a) LED light bulbs, b) Video camera, c) 

Computer, d) Biopac, e) Electrodes 
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               Figure 2: a) Facial landmarks used to select the ROIs. b) ROIs used to extract the BVP signal. 

 

b) RGB signals computing and processing 

The next step is to compute the variation of the red, blue and green color channels over 

time inside the ROIs. To do so, the spatial average of the pixel values across the whole 

ROIs is computed at each frame, resulting in the R, G and B signals. Next, the raw signals 

are detrended using the approach proposed by Tarvainen et al. [32] .This technique gets 

rid of some artifacts caused by movements of the head during the tasks and deletes very 

low frequency unwanted information. Afterwards, the signals were also normalized by 

subtracting their mean and dividing by their standard deviation.  

 

c) Independent component analysis 

As previously stated, the BVP signal can be found in the R, G and B signals at different 

strengths, being the green channel the one that usually displays it more prominently. In 

some cases, the BVP signal can be directly recovered from the green channel by just 

applying a frequently filter, however, as shown in Figure 3, most of the time, these signals 

by themselves are not clear enough to extract he pulse signal. This is why we need to 

apply a blind source separation (BSS) to fully recover the signal. Independent component 

analysis (ICA) has been used in similar experiments with good results. The changes in 

the color values in skin pixels over time are originated by different sources. We know that 

one of them is the blood perfusion in the superficial tissues, which is the one that we aim 

to recover. The other factors may be movement of the subject, noise, etc. ICA methods 

are optimization processes that aim to maximize some objective function that measures 

the levels of independence of the estimated source signals. This way we separate the 

source signals maximizing their independence, and we expect one of these sources to be 

the BVP signal, while the rest will contain the others sources of variation. In this project 

we use an implementation of ICA called JADE (joint approximate diagonalization of 
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eigenmatrices) [33], which uses kurtosis (fourth standardized moment of a distribution) 

as independence metric. After the ICA decomposition, the resulting source signals are 

filtered between 0.75 and 4 Hz, which are the equivalent to 45 and 240 beats per minute, 

therefore suppressing information beyond the limits of physiological heart rate values. A 

particularity of this ICA implementation is that it returns the source signal in random 

order. To select the source signal that corresponds to the estimated BVP signal, we choose 

the one with a highest peak in its normalized Fourier transform. A typical BVP signal has 

larger values in the positive range than in the negative, this means it is not symmetric in 

the x axis but shifted towards the positive values. Since the JADE ICA also returns the 

source signal in an arbitrary scaling, it must be checked if the signal is inverted, since it 

has been shown that the signal correlates better with ground truth if the signal is in the 

correct orientation. To do so, we compute the absolute value of the peaks and troughs of 

the signal and if the latter is higher than the former, the signal is multiplied by -1.  

 

 

 

Figure 3: 10 second sample of obtained signal. First column: RGB signals after detrending and normalization. 

Second column: Band-pass filtered signals, between 0.75 Hz and 4 Hz. In the green channel, the BVP signal can 

be intuited, but it still shows many artifacts. Third column:  Source signals obtained by ICA decomposition and 

band-pass filter. Source signal number 2 shows the estimated pulse signal. If closely examined, it can be seen 

that the signal is inverted, since it is shifted to the negative values instead of the positive. Therefore multiplying 

it by -1 is required. 
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3.8 Computing HRV measures 

 

Once the BVP signals from the rest and stress stages are recovered, we can proceed to 

compute the HRV measures that are defined in Table 1. 

 

a) Splitting data into samples 

We divided the data in two different ways prior to obtaining the HRV measures. First 

taking the whole length of signal in both rest and stress stages. Then, splitting the signal 

in 1-minute length signals without overlap to avoid redundant information. The rest task 

has a duration of 2 minutes, therefore it was divided in two samples. The duration of the 

stress task varies depending on how much time the subject required for each completion. 

In order to compare the same number of samples per group, we took always two 1-minute 

samples of the stress task even if the subject took longer to complete it. 

 

b) Peak detection and tachogram 

The first step consists of detecting the peaks of the signal and storing their locations in 

time. Some of the signals were very clear as can be seen in Figure 3 c), however there 

were some cases in which the signal had artifacts, like false peaks. We decided to 

manually correct this by deleting the false peaks, since they could be spotted by sight. 

Then we computed the HRV signals with both signals, the fully automatic one and the 

manually corrected one. The differences on the measures that this caused are discussed 

in the results section. With the peak locations computed, we calculate the time intervals 

between adjacent peaks and we generate a tachogram. A tachogram is composed by the 

IBIs (Inter beat intervals) and their position in time, an example is shown in Figure 4. 

 

c) HRV measures 

The measures of HRV are computed from the tachogram using HRVAS, a free software 

implemented in MATLAB. The time domain features are straightforward but the 

frequency domain features have to face a particularity, the tachogram is an unevenly 

sampled signal, therefore the Fourier transform cannot be applied to it. This can be solved 

using the Lomb-Scargle periodogram, an algorithm used for detecting and characterizing 

periodic signals in unevenly-sampled data. This algorithm combines Fourier analysis with 
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least squares method. It works by fitting a model to the analyzed data at each candidate 

frequency, and then selects the frequency that maximizes the likelihood. The method is 

initialized with a wheighed sum of sinusoid signals with different frequencies. Then at 

each iteration of the algorithm the frequencies are progressively updated with a least-

squares fit until the error between the model and the analyzed signal reaches some 

criterion. Then, the know values of frequencies that compose the model are used to 

compute the spectrum of the original signal. 

 

Figure 4: Example of a tachogram from a 1 minute sample and its corresponding Lomb-Scargle period 

gram. The VLF, LF and HF frequency ranges are differentiated by color. 

 

3.9 Predictive models 

With the HRV measures obtained, we wanted to see if it was possible to train a predictive 

model able to classify samples between rest and stress states. For this purpose, we divided 

all the signals in samples of 1 minute length using a step size of one second, and then 

computed the HRV measures, increasing this way the samples that could be used to train 

the model. Then, we trained all the models available in the MATLAB’s Classification 

Learner App. We used 10-fold cross validation to compute the accuracy of the models. 

This way we got an intuition of which models were more suitable for classification given 

the nature of our data. We chose three models with high accuracies and then we proceeded 

to validate their accuracy by using a leave-one-out procedure. To do so, we trained again 

the models using all the data except the samples corresponding to one of the subjects. 

Then we tested the model with the omitted subject and computed the accuracy of the 

prediction. After that, we repeated the procedure using all the subjects as test set one at a 

time and finally computed the mean accuracy across the subjects. This way we are really 

testing the accuracy of the models, since we always test them with data of a subject whose 

samples were completely excluded in the training. 
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4. Results 

4.1 Perceived stress 

 

All the subjects were asked to rate the stress perceived in each of the tasks after the 

completion of the MIST. The average ratings (in a scale of 1 to 7, lowest to highest) were: 

1.35 in the rest stage, 3.55 in the training stage and 6.4 in the stress stage. The histograms 

in Figure 5 show how the scores were distributed. Most of the subjects coincide in rating 

the rest and stress tasks with low and high perceived stress respectively. In the training 

stage there are more discrepancies, but in general it is rated with a medium perceived 

stress. 

 

Figure 5: Histograms of perceived stress. 

4.2 Comparison with ground truth 

 

To assess the quality of the signals extracted from the camera recordings, we compare 

them with the R-waves detected with the Biopac. In figure 6 a superposition of a 20 

second sample from both signals is shown. By visual examination it can already be seen 

a high level of agreement between the two samples. Some of the peaks in the Biopac are 

exactly detected in the BVP signal and some others are missed by a small fraction of time. 

This behavior is consistent in most of the subjects, however, in a few of them there are 

some artifacts that have to be removed before further proceeding.  
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Figure 6: Ground truth signal superposed to the signal obtained by ICA decomposition of the skin color 

changes measured with the camera. 

a) Heart rate estimation 

Although visual examination of the obtained signals gives us an idea of the quality of the 

signal, quantitative measures of the similarity are a better indicator. For this reason we 

computed the heart rate over time from the BVP signal, using time windows of 60 seconds 

with a step of one second. Then we compared the estimated heart rate with the ground 

truth heart rate, which is computed the same way but using the data from the Biopac. 

In table 2 there is a display of the average errors between the 20 subjects when comparing 

the estimated heart rate with the ground truth at each 60 second window of the signals 

corresponding to the three tasks. More detailed information can be seen in SI-1. 

 

Table 2: Estimated heart rate errors. 

 

 

Task Signal Average 

error 

(bpm) 

Standard 

deviation 

Minimum 

error 

(bpm) 

Maximum 

error 

(bpm) 

Rest task Fully automatic 2.25 2.33 0.08 6.67 

Corrected 0.69 1.13 0.07 4.48 

Training 

task 

Fully automatic 0.7 1.17 0.04 4.84 

Corrected 0.37 0.53 0.04 2.4 

Stress 

task 

Fully automatic 1.00 2.41 0.05 10.44 

Corrected 0.48 0.86 0.05 3.36 
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b) HRV measures 

The HRV measures were computed for the fully automatic and corrected signals and also 

for the ground truth corresponding to rest task and stress task in the MIST. We did the 

process twice, first with the whole length signals and then with the 1-minute windows.  

Then we computed the correlation coefficients of the measures between the ones 

computed from the BVP signals and the ground truth, obtained from the Biopac. The 

coefficients obtained are shown in tables 3 and 4. 

 

Table 3: Correlation coefficient of the HRV measures between BVP signals and ground truth using the 

full signal. 

Correlation coefficient using the whole-length signal  

  AVNN SDNN rMSSD pNN50 VLF LF HF LF/HF 

Rest 

task 

Fully 

automatic 
0.995 0.575 0.515 0.674 0.666 0.620 0.429 0.517 

Corrected 0.999 0.803 0.591 0.710 0.781 0.676 0.634 0.441 

Stress 

task 

Fully 

automatic 
0.998 0.658 0.189 0.611 0.594 0.803 0.288 0.311 

Corrected 0.999 0.920 0.480 0.699 0.655 0.850 0.384 0.590 

 

Table 4: Correlation coefficient of the HRV measures between BVP signals and ground truth using 1-

minute samples. 

Correlation coefficient using the 1-minute windows 

  AVNN SDNN rMSSD pNN50 VLF LF HF LF/HF 

Rest 

task 

Fully 

automatic 
0.992 0.534 0.477 0.641 0.692 0.625 0.528 0.553 

Corrected 0.998 0.705 0.541 0.668 0.591 0.754 0.663 0.617 

Stress 

task 

Fully 

automatic 
0.996 0.530 0.162 0.592 0.610 0.746 0.280 0.484 

Corrected 0.997 0.821 0.482 0.669 0.698 0.726 0.322 0.634 

 

We see how the manual correction of the signal increases the correlation with the ground 

truth in all cases except in the LF/HF ratio of the rest task when using the whole-length 

signal. Correlations higher than 0.7 and lower than 0.5 are respectively highlighted in 
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green and red to better visualize which measures have best and worst coefficients. We 

clearly see how the average interval time (AVNN), the standard deviation of the intervals 

(SDNN) and the spectral power in the low frequency range (LF) have the highest 

correlations with ground truth while the square root of the mean of adjacent interval 

differences (rMSSD), the spectral power in the high frequency range (HF) and the ratio 

between LF and HF have the lowest ones. In SI-2 there are visual examples of these 

correlations to give a better intuition of the data. 

 

 

4.3 Statistics 

 

To test if the measures from both tasks were significantly different, we performed a paired 

sample T-test. The tests were one-tailed, meaning that we were not just checking if the 

values form the two tasks were different, but if a measure of a task was particularly higher 

or lower than the other task. The hypotheses used were based on the expected behavior 

derived from the physiology i.e. for the AVNN measure, we tested if the values from the 

rest task were significantly higher that the values form the stress task, since that is what 

we expect given that the heart rate should theoretically increase under a situation of stress.  

The p-values obtained in all the HRV measures are shown below.  

 

Fully automatic BVP signal 

Table 5: P-values of the HRV measures in the fully automatic BVP signal. 

 AVNN SDNN rMSSD pNN50 VLF LF HF LF/HF 

Whole 

signal 
5.89E-06 1.17E-03 1.82E-03 3.92E-03 7.16E-03 4.36E-02 5.95E-04 4.00E-03 

1-minute 

samples 
4.25E-06 1.80E-03 1.20E-03 3.03E-03 8.87E-03 2.48E-01 1.21E-03 2.31E-03 

Corrected BVP signal 

Table 6: P-values of the HRV measures in the corrected BVP signal. 

 AVNN SDNN rMSSD pNN50 VLF LF HF LF/HF 

Whole 

signal 
4.23E-06 3.75E-02 1.13E-02 7.04E-03 1.66E-02 1.32E-01 4.73E-03 4.62E-02 

1-minute 

samples 
3.36E-06 5.38E-02 5.49E-03 4.25E-03 5.99E-03 5.10E-01 4.12E-03 2.27E-02 
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Biopac signal (ground truth) 

Table 7.P-values of the HRV measures in the ground truth signal. 

 AVNN SDNN rMSSD pNN50 VLF LF HF LF/HF 

Whole 

signal 
3.88E-05 2.80E-01 2.95E-02 8.07E-02 9.77E-02 1.62E-01 1.28E-02 1.58E-01 

1-minute 

samples 
7.17E-06 6.25E-01 6.73E-02 6.19E-02 1.07E-02 8.37E-01 4.07E-03 2.04E-01 

 

The values highlighted both in green and in yellow are the p-values that are lower than 

0.05. This is a commonly used cut-off value to determine whether a difference between 

two groups of samples is significant. However, recent investigations regarding the use of 

this value in science, have shown that by using this value, the probability of being a false 

positive is at least 30% [34]. As an alternative, if a false discovery rate below 5% is 

pursued, the p-values should be below 0.0034. In the tables the values in green are the 

ones that fulfill this condition. We observe how in the fully automatic BVP signal most 

of the values displayed significant differences while in the corrected BVP signal and in 

the Biopac signal only the AVNN values were significantly different between the two 

groups. To obtain a visual intuition of what these values mean, by looking at the 

histograms of the paired samples for each HRV measure. An example is showed in Figure 

7.  

 

Figure 7: Histogram of paired samples for AVNN measures. 
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These histograms are a representation of how the values change between the two states. 

We take all the values of AVNN corresponding to stress and we subtract to them their 

corresponding paired value in rest. In section 2.4 we explained that theoretically the 

AVNN values of stress should be lower than the ones from stress. Therefore, by 

performing the operation AVNNstress – AVNNrest. The resulting values should be 

negatives. Looking at the histogram in Figure 7, we see how the mean value (plotted as a 

dashed red line) of the histogram appears in the negative side of the plot, confirming that 

AVNNstress < AVNNrest being consistent with the expected behavior. 

Another example is showed in Figure 8. 

 

 

Figure 8: Histogram of paired samples for SDNN measures. 

Again the mean values of SDNNstress – SDNNrest are on the negative side of the plot, which 

is also consistent with the expected behavior (see section 2.4). However, in this case we 

see how in the measures extracted from the corrected BVP signal and from the ground 

truth are very close to zero, while in the fully automatic BVP there still some separation. 

This is consistent with the results of the t-test. If we look at the p-values of the SDNN 

measure, we see how in table 5 which corresponds with the data extracted from the fully 

automatic data, the value is significant, while in the other two tables it is not. 

The rest of the histograms are displayed in SI-3. 
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4.4 Classification 

 

Across all the available classification models available in MATLAB’s Classification 

Learner App, we chose three different models to perform our classification task:  cubic 

support vector machine (cubic SVM), quadratic discriminant analysis (QDA), and 

Bagged Trees, which is an ensemble method which combines different decision trees and 

takes the final decision averaging all the individual classifications. We selected these 

models because they showed the best accuracies within their respective category of 

models (support vector machines, discriminant analysis and ensemble methods). We 

excluded nearest neighbor (NN) classifiers, since by increasing our samples by taking 

samples every second, these samples would be very close to each other in feature space 

and the NN would have very high accuracies with the training set but wouldn’t perform 

very well in front of an unseen subject. The mean accuracies in the leave-one-subject-out 

validation are shown in table 8. In SI-4 there are the specific accuracies of the prediction 

of the samples for each subject when training the model with all the other subject.  

 

Table 8: Average accuracy of the models in each set of data. 

 Average accuracy 

 Fully automatic BVP Corrected BVP Biopac 

Cubic SVM 0.64 0.65 0.54 

QDA 0.65 0.67 0.70 

Bagged Trees 0.78 0.75 0.61 

 

The results from both BVP signals are very close with a higher accuracy in the bagged 

tree model. Using the ground truth measures, the accuracies decrease, achieving a 

maximum of 70% of correctly predicted values in the quadratic discriminant analysis. 

 

 

 

 

  



 

 22 

5. Discussion 

5.1 The importance of artifact correction 

 

In this project, we performed all the tests using the BVP signals in two formats, the ones 

obtained from the ICA decomposition in a fully automatic way and with those signals 

after manually correcting some artifacts. We saw how this correction decreased the error 

when estimating the heart rate and improved the correlation coefficients with ground truth 

when comparing HRV measures. On the other hand, using the fully automatic signal we 

obtained a better separation of the rest and stress states and had the best performance in 

the classification models. Knowing this, it is interesting to study how exactly are these 

artifacts and what are the differences that they induce in the data. This can be easily 

illustrated by the use of an example.  

 

Figure 9: Example of the estimated heart rate in rest and stress tasks. 

Figure 9 shows the estimated heart rates for one of our test subjects. Notice how, in the 

stress task, the signal did not require any correction, the heart rates estimated with the full 

automatic and corrected BVP signals are identical and are very similar to the ground truth. 

However, in the signal corresponding to the stress task, the fully automatic signal was 2 

bpm higher than the groun truth during the first 20 samples and also for the last 20 samples 

aproximately, while the corrected signal is really close to ground truth. To see where is 
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this error originating, we have to check the extracted BVP signal, which we show in 

Figure 10. 

 

Figure 10: Two segments of a corrected BVP signal superposed to the original signal. 

We can see how just two false peaks at second 25 and second 95, shifted the heart rate 

estimate by two bpm in all the time windows were they were included. This gives us an 

intuition of the impact that these artifacts can have on the HRV measures, since these are 

vey sensitive to errors. Furthermore, correcting the artifacts by just deleting the false 

peaks may not be the best solution as we show next. As we can see in Figure 9, this kind 

of errors usually occur as a double peak in a place were there should be one. By deleting 

one of the peaks and leaving the other, one of the resulting IBIs is elongated (IBI 1 in 

Figure 11), and the other one is mantained the same (IBI 3 in Figure 11), shorter than it 

should be. 

 

Figure 11: Example showing how artifact correction by deleting peaks is not the best option. 
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This way of correcting the signal produces a noticable improvement in the estimation of 

HR, but stills has errors that are carried to the HRV measures. A possible solution for 

these kind of artifacts would be deleting both peaks and substituting them with a new 

peak, located either between them or in the middle position between the previous and next 

peaks of the signal. 

 

5.2 Fully automatic signal in the classification task 

 

One of the most interesting results of this experiment is that the HRV measures computed 

from the fully automatic BVP signal, although having artifacts that worsen its correlation 

coefficient with the ground truth measurements, are the ones that show the most 

significant differences between the samples corresponding to rest state and the ones 

corresponding to stress state. Therefore, this must be caused by some factor either from 

the experimental design or in the algorithm that causes a distortion in the signals making 

them more different. In particular, it modifies the signal in some way making the rest 

samples more “resty” and the stress samples more “stressy”, since the differences between 

HRV measures become more marked in a coherent way with what is theoretically 

expected for both kinds of states. 

Analyzing the realized experiment we reached two possible hypotheses regarding what 

could be causing this phenomena. 

The first one has to do with the computer screen were the modified MIST was displayed. 

In the test task, the whole screen was white with only the arithmetical task in the middle 

and the layout of the subject’s performance in comparison with the average comparison. 

However, in the rest task, there were a set of images that were displayed at intervals of a 

few seconds. Some of the images displayed were very colorful, and since our algorithm 

is based in subtle changes of the color of the skin, it could be the case that the changing 

images showed in the rest task, slightly influenced the signal in a different way than in 

the stress task were there were no images. Even so, this being the reason is highly unlikely 

since the lighting provided by the LED bulbs overpowered by far the light emitted by the 

screen, and the differences should be negligible. 

The other hypothesis, which can be quantified with data from the experiment, is more 

promising as a candidate to be causing the differences between both states. It has to do 

with differences in the movement of the head of the subjects in both tasks. Using the facial 
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landmarks as reference, we computed the mean movement in the x and y axes in the rest 

and stress tasks for all subjects. 

 

Figure 12: Example of the average moment of the facial landmarks between consecutive frames in both 

tasks. 

Figure 12 shows an example of what we found in most of the analyses of movements 

across all the subjects. It shows the average movement in pixels of all the landmarks 

between consecutive frames in both horizontal and vertical directions. In the Rest task, 

that consisted in just looking at pictures in a screen while listening to music, most of the 

people remained almost perfectly still. However, in the stress task, all the subjects were 

prone to move the head. Even if it was just to look at the keyboard to answer the 

arithmetical task, or if the subject moved more because of stress, it is clear that there was 

more movement in the stress task than in the rest task. This is consistent with results of 

previous works studying the relation of stress with the movement of the head [35]. 

 To quantify it even more, we took all the movement signals, and computed their variance 

over time and then we computed the mean value for each task and direction. 

 

Table 9: Mean variance of the movement in test and stress tasks. 

MOVEMENT VARIANCE REST TASK STRESS TASK 

X DIRECTION 0.0508 0.5620 

Y DIRECTION 0.0777 0.6143 
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It was easy to determine just from the plots where the mean movement was shown, 

however by computing these variances, and seeing how they are different by an order of 

magnitude, we can confirm that in the stress task the subjects moved substantially more 

than in the rest task. 

It is difficult to prove if this is the factor that is distorting the signal in a way that makes 

it more separable, since we would have to repeat the experiment using a setup were the 

subjects could remain still also during the stress task. 

However, reviewing the literature in the field of rPPG, the topic of movement and how it 

relates with the quality of the obtained signal is common. In fact, some of the research is 

particularly focused on reducing the effects produced by movement in the changes of 

color to avoid these kind of errors [36]. 

Therefore, by observing the presented facts and their ubiquity in the field, makes plausible 

our hypothesis that it is the movement that is causing our fully automatic data to perform 

better than the corrected one and that the ground truth when classifying samples of rest 

and stress states.  

 

5.3 Robustness 

 

Prior to the realization of the experiment we did a large number of trials trying to find the 

optimal settings to recover the BVP signal. We varied parameters related to the camera 

such as the exposure time, the frame rate, the gain, the diaphragm aperture, the pixel depth 

of the images and their format. These parameters did influence the quality of the signal, 

however, what we found was that the ambient factors like the lightning of the room, the 

distance of the subject to the camera and the movement or stillness of the subject were 

the ones that influenced the most. Once we defined our experimental setup, all we had to 

do is tweak the recording parameters to optimize the measurements in that specific 

situation. However, using the same parameters but changing the setup would dramatically 

influence in the resulting signal, in some cases completely deleting the information. What 

we can conclude from this is that although the system works to some extent under some 

pre-established conditions, it is not very robust, limiting its potential for real life 

applications in its current state. However, the capacity of remotely measure physiological 

signals is very promising, and could be the motivation to study ways of increasing the 

robustness of the system to external factors.  
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6. Conclusions 

6.1 Induction of acute mental stress 

 

Ensuring that the samples of video that we labeled as rest and stress states actually 

corresponded to that states was a crucial starting point for this experiment. Although we 

had prior knowledge of validated experiments where the MIST was successfully used to 

induce stress, since we were using a modified version of this test, we needed some 

feedback from the subjects to contrast if the two tasks were producing the desired effect. 

Looking at the results of the values of perceived stress rated by the participants in Figure 

5 and comparing the average ratings for the rest and stress tasks (1.55 and 6.4 over a 

maximum rating of 7 respectively), we conclude that the version of the MIST that we 

used successfully induced in the subjects the desired states. Therefore, if there are 

differences in the HRV measures we are going to assume that they are produced by the 

subject being in the two possible states. 

 

6.2 Obtaining the BVP signal from facial videos 

 

The algorithm used in this work, showed a good performance in recovering the BVP 

signal. This is evidenced when comparing the resulting signal with the ground truth, 

obtained with contact electrical sensors, and observing how both signals exhibit very 

similar peaks, as in Figure 6. This is further proved by the low error displayed in 

estimating the heart rate from this signal. As seen in Table 2, the average error across all 

1-minute windows of all subjects with respect to ground truth is very low. In the corrected 

signals, the error goes lower than 1 bpm of difference. These corrections consist on the 

manual elimination of peaks that are artifact-generated and that are evident at sight 

examination.  

 

6.3 HRV measures 

 

To successfully compute the HRV measures, it is necessary to achieve a signal extremely 

close to the real pulse, especially in those measures computed from the tachogram. The 

tachogram contains the values of the inter-beat intervals and their location, being this 
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location the sum of the previous IBIs. Therefore, small discrepancies in the location of a 

peak between the BVP signal and the ground truth, get magnified across the tachogram, 

leading to big differences between the HRV measures of both signals. 

This is clearly seen when looking at the correlation coefficients of these measures. The 

AVNN shows almost perfect correlation, which makes sense since this measure is 

equivalent to 60 divided by the heart rate and, as we saw, the BVP signal has very good 

performance on estimating the heart rate. The SDNN and LF measures also show decent 

correlation with ground truth, especially after the correction of artifacts. However, for the 

rest of HRV measures, although displaying correlation at some level, we see that the 

coefficients are lower. In some measures such as rMSSD or HF, the correlation 

coefficients drop below 0.5. From all this we conclude that despite obtaining good results 

in some of the metrics, in general the system shows difficulties to compute HRV measures 

that are faithful to reality. 

 

6.4 Discrimination between rest and stress 

 

The results of the paired sample t-test show how in the HRV measures computed from 

ground truth data, AVNN is the only measure that shows significant difference between 

rest state and stress state. This result also shows in the HRV measures derived from the 

corrected BVP signal, however the rest of the p-values are lower than the ones from the 

ground truth. In the data extracted from the fully automatic BVP signal is where the values 

really change. Using the whole-length data samples, 4 out of the 8 HRV metrics show 

significant differences, and using 1-minute samples, the number grows to 6 out of 8. 

In the previous section it was concluded that using the BVP signal recovered with the 

algorithm the HRV measures obtained had difficulties to relate with the ground truth, and 

this was accentuated when the BVP signal was not corrected. However, the statistical data 

shows how this signal in particular is the one that presents the best discriminative power 

between the two groups.  This evidences that despite not being the real HRV measures, 

there is some factor of the experimental design, in the experiment or in the combination 

of both, that is making the data more separable.  

This behavior also appears in the classification when looking at the accuracy of the 

models it can be seen how the data that comes from the BVP signals achieves a better 
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classification, being the best score the one of the Bagged Trees models in the fully 

automatic BVP data.  

Our hypothesis regarding this phenomenon is related to different movement patterns of 

the head during both tasks that is causing a distortion to the signal that improves its 

separability.  

Finally we conclude that the work presented in this thesis, could be adapted to real-world 

application if the pursued goal was to estimate the stress, since the fully automatic data 

achieved a good performance (78% of accuracy) despite the limited number of subjects 

to train (predict samples from 1 subject using the samples from 19 subjects). This score 

could be improved training the model with a higher number of subjects, achieving this 

way a system able to assess the level of stress of a new subject with reliability. However 

it could not be used in applications where a precise measuring of HRV was required. 
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SUPORTING INFORMATION 1 – HEART RATE 

ESTIMATION 

 

The following tables show the error in the heart rate estimation for each subject in the 

three stages of MIST. The error is computed comparing the fully automatic and the 

corrected BVP signals obtained from de videos. 

 

  S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 

REST FA 0.27 2.13 5.56 1.74 0.18 5.43 1.74 0.11 0.58 0.47 

C 0.27 0.49 0.39 0.58 0.18 0.79 0.11 0.08 0.14 0.50 

TRAINING FA 0.05 0.29 0.41 1.30 0.12 1.24 0.47 0.09 0.04 0.76 

C 0.05 0.29 0.41 0.49 0.12 0.21 0.27 0.09 0.04 0.76 

STRESS FA 0.07 1.23 0.12 1.60 0.19 0.20 0.31 0.05 0.80 0.25 

C 0.07 1.23 0.12 0.32 0.19 0.20 0.31 0.05 0.28 0.25 

 

  S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 

REST FA 2.90 0.08 0.79 3.30 6.67 6.30 2.25 0.16 0.09 4.20 

C 1.14 0.08 0.32 0.20 4.48 2.95 0.68 0.16 0.09 0.07 

TRAINING FA 0.31 0.06 0.10 2.46 0.70 0.28 0.04 0.39 4.84 0.10 

C 0.31 0.06 0.10 0.55 0.37 0.28 0.04 0.39 2.40 0.10 

STRESSS FA 1.00 0.06 0.10 10.44 0.09 0.18 0.05 0.08 0.06 3.09 

C 0.48 0.06 0.10 3.36 0.09 0.18 0.05 0.08 0.06 2.13 

 

FA stand for fully automatic and C for corrected. The best and worst estimations are 

highlighted in green and red respectively. Each column corresponds to one subject of the 

experiment. 
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SUPORTING INFORMATION 2 – HRV MEASURES 

CORRELATIONS 

 

The following plots show visually the correlation between the measures obtained from 

the BVP signals (fully automatic and corrected) with ground truth by plotting them 

against each other. If the points are over the line x=y (marked as a red dashed line) it 

means that there is a strong correlation between both measures. If the data is dispersed, 

its equivalent to a low correlation. In these case we show the measures using 1 minute 

length samples, meaning that we have 40 measures of HRV for rest and 40 for stress (2 

measures for subject.). 

In all plots the X axis represent the measures of the Biopac and the Y axis the measures 

from the BVP signal. We excluded the values in the axes since we just want to use these 

plots to give an idea of the correlation between the measures. 

 

 

Fully automatic BVP vs. Ground truth 
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Corrected BVP vs. Ground truth 
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SUPORTING INFORMATION 3 – PAIRED VALUES 

HISTOGRAMS 

In this section we expose the histograms of paired values that we presented in section 4.3. 
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SUPORTING INFORMATION 4 – PREDICTIONS 

The following tables show the accuracies of the predictions that the trained model had 

with each of the subjects when performing leave-one-subject-out validation. The subjects 

whose samples were predicted perfectly are shown in green 

 

Models trained with data from the fully automatic BVP signal 

 

 S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 

CUBIC 

SVM 
0.57 0.66 0.77 0.76 0.55 0.74 0.79 0.58 0.26 0.56 

BAGGED 

TREES 
1.00 0.60 0.91 0.82 0.55 0.88 0.91 0.63 0.97 1.00 

QDA 0.54 0.60 0.87 0.69 0.50 0.80 0.89 0.37 0.76 0.78 

 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 

CUBIC 

SVM 
0.82 0.80 0.47 1.00 0.72 0.64 0.51 0.64 0.28 0.64 

BAGGED 

TREES 
0.79 0.80 0.42 1.00 0.62 0.70 0.73 0.83 0.58 0.81 

QDA 0.88 0.78 0.45 1.00 0.61 0.69 0.80 0.51 0.15 0.30 
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Models trained with data from the corrected BVP signal 

 

 S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 

CUBIC 

SVM 
0.57 0.60 0.84 0.64 0.55 0.69 0.94 0.61 0.30 0.51 

BAGGED 

TREES 
0.65 0.60 0.87 0.97 0.55 0.95 0.84 0.52 1.00 1.00 

QDA 0.50 0.60 1.00 0.75 0.45 0.79 0.89 0.22 0.84 0.86 

 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 

CUBIC 

SVM 
0.57 0.60 0.84 0.64 0.55 0.69 0.94 0.61 0.30 0.51 

BAGGED 

TREES 
0.65 0.60 0.87 0.97 0.55 0.95 0.84 0.52 1.00 1.00 

QDA 0.50 0.60 1.00 0.75 0.45 0.79 0.89 0.22 0.84 0.86 

 

 

Models trained with data from the Biopac 

 

 S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 

CUBIC 

SVM 
0.59 0.00 0.47 0.52 0.56 0.70 0.85 0.61 0.36 0.55 

BAGGED 

TREES 
0.25 0.01 0.47 0.92 0.56 1.00 0.83 0.61 0.93 0.64 

QDA 0.55 0.62 1.00 0.50 0.56 1.00 0.99 0.52 0.89 0.50 

 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 

CUBIC 

SVM 
0.21 0.81 0.51 0.36 0.61 0.54 0.74 0.52 0.62 0.64 

BAGGED 

TREES 
0.82 0.93 0.59 0.78 0.61 0.30 0.84 0.24 0.20 0.67 

QDA 0.59 0.76 0.64 1.00 0.69 0.55 0.69 0.83 0.83 0.35 

 


