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Constant stress has become the new normal for all working professionals giving rise to sleep disorders, high 

blood pressure, and strokes. Hence an effective, easily accessible, and economic way needs to be developed. 

Previous research relied on sphygmomanometers and complex machinery to detect changes in stress that 

cannot be used regularly to address stress concerns in a professional environment. We use Eulerian 

magnification and temporal filtering to find a person's Beats per minute and use the circulatory control inverse 

model to estimate blood pressure and run it through a series of neural networks to eliminate errors and recognize 

increasing or decreasing patterns of stress. The study found that the method is not accurate for medical usage 

but provided more than 80% accurate results. Our findings suggest further application to high-stress 

environments such as examinations and corporate offices for experiments in psychology to improve research 

and findings. 

 

1 Introduction 

A person's heart rate is an indicator of stress, 

and much more. In clinical settings, the 

cardiac pulse is commonly assessed using 

an electrocardiogram (ECG), which requires 

patients to wear a chest strap. Straps with 

abrasive sticky gel patches that might 

become irritating for the wearer Heart rate 

can also be tracked using pulse oximetry 

sensors worn on the wrist. 

Earlobe or fingertip These sensors are not 

suitable for long-term wear, and the pressure 

can become unbearable with time. time. In 

addition to the discomforts associated with 

standard pulse monitoring equipment, these 

gadgets might harm the sensitive skin of 

patients. Premature newborns or the elderly 

for these people, 

 

 

 

 

 

A non-contact method of sensing stress, in 

particular, might be developed. 

A computer or phone camera may detect 

variations in a person's heart rate over time, 

which might indicate changes in health or 

fitness. Photo-plethysmography (PPG), 

which monitors fluctuations in blood volume 

by detecting changes in light reflectance or 

transmission during the cardiovascular pulse 

cycle, may determine heart rate without 

touch. As with pulse oxime-try sensors, PPG 

is often conducted using specific light 

sources with red or infrared wavelengths. 

Verkruysse demonstrated that a 

plethysmographic signal could be identified 

in footage from a standard color camera. 

 

They also found that heartbeat can be used to 

estimate systolic blood pressure which is a 

major indicator of stress. Stress has proven 
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to have negative long-term effects on the 

human body. We use predefined algorithms 

that have been proven to be effective and 

combine them with a plethysmographic 

signal that is run through multiple neural 

networks that may increase the accuracy of 

the system and provide better data. 

2  Technical Approach 

The detection of stress through a camera 

from the Eulerian magnification approach 

requires four processes to work to get 

accurate results. First facial recognition is 

used to detect and track a face using 

OpenCV. Then, A Region of Interest (ROI) is 

selected by a bounding box by the selected 

software. Then we obtain the 

plethysmographic signal from the change in 

the RGB values of the pixels and Analyze-it 

overtime to get a heartbeat. Then using the 

above we use a simple formula to calculate 

the cardiac output. Finally, we use an 

isolation tree-based anomaly detection tree 

to find anomalies in the figure and pair it with 

a change detection  

 

2.1 Face detection 

Face detection and tracking are performed 

using Haar cascade classifiers as proposed 

by Viola and Jones and improved by Lienhart 

et al. 

We employ the OpenCV Cascade Classifier, 

which has been specifically trained on both 

positive and negative frontal face images. A 

series of classifiers are used to construct the 

face detector. 

 

progressively more complicated, where each 

classifier makes use of one or 

 

additional Haar-like traits. 

 

As seen in figure 1, the features are made up 

of two, three, or four rectangular pixels. The 

total of pixels in the grey rectangles is 

subtracted from the sum of pixels in the white 

rectangles to calculate each feature. These 

features are capable of identifying 

straightforward blobs, edges, and diagonals. 

Only a small portion of the roughly 180,000 

potential features in each sub-window is 

actually utilized. The classifiers are trained 

using the AdaBoost learning algorithm, 

which uses one to several hundred features. 

A weak classifier is trained on each feature 

in order to determine which feature(s) to 

employ. 

 

the categorization error is assessed for each 

individual. The classifier with the lowest error 

(and related feature) is selected. The weights 

are revised for that round, and the procedure 

is 

until the required number of features is 

picked, repeat. This approach produces a 

single weighted strong classifier as seen in 

many papers before a composite of many 

poor classifiers. The attentional cascade, 

which is a sequence of uses for the powerful 

classifiers, is 

basically, a decision tree for every sub-

window in the image. 

 

 
                                      Fig(A) 

2.2 Region of interest 

 

An ROI must be selected from within the face 

bounding box since the face bounding box 

discovered via face detection also includes 

background pixels in addition to the facial 

pixels. The most straightforward ROI choice 

is to use the middle 60% of the bounding 

box's width and its entire height, as Poh et al. 

[8] did. 

This method simply modifies the bounding 

box to omit background pixels to the sides of 

the face since it is typical for the bounding 

box to be inside the face region in terms of 

height but outside it in terms of width. This 

technique typically leaves some hair or 

background pixels at the box corners. 
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We also look into alternative methods for 

choosing the ROI. We look at what happens 

when we remove the eye region, which has 

non-skin pixels that can change from frame 

to frame as a result of blinking or eye 

movement. The eyes could be eliminated by 

removing pixels from 25% to 50% of the 

bounding box height. Since Verkruysse et al. 

discovered the forehead contains the 

strongest plethysmographic signal, we also 

consider keeping only the pixels above the 

eye region. 

 

GrabCut, created by Rother et al., is used to 

segment faces. By repeatedly reducing an 

energy cost function, GrabCut divides apart 

photos. This energy reduction can be 

accomplished by creating a graph model to 

represent the image and figuring out the 

smallest cut for the graph to produce two sets 

of nodes that represent the foreground and 

background. 

 

2.3 Heart rate detection  

We identify the emotions in real time using 

facial landmarks and the CONOHA 

database. 

The heart rate may be extracted from the 

color image data once we have an ROI for 

each frame. In order to obtain three signals, 

XR(t), xG(t), and xB(t), which correspond to 

the average red, green, and blue face pixels 

at time t, the ROI pixels are first averaged 

across each color channel. The heart rate is 

then re-estimated every second as we 

normalize these signals over a 30-second 

sliding frame with a 1-second stride. 

 

The observed mixed color data are then 

processed using ICA to separate the distinct 

source signals. We make the assumption 

that there are three source signals because 

ICA presumes that there are no more source 

signals than there are observed signals. 

s1, s2, and s3 each contributing to the color 

seen 

The three channels have changed. With ICA, 

the observed 

These source signals are combined linearly 

to create mixed signals. 

Although there is a chance that this 

assumption is incorrect due to 

the amount of blood and the brightness of 

light reflected off of skin tissue 

Despite the possibility of nonlinearity over 

distance for the 30-second time window, it 

ought to be a reasonable estimate. Following 

that, ICA looks for an approximation that 

optimizes the nonGaussianity of each 

source. We may employ Fast ICA. Fast ICA 

is available from the 

 

To locate the approximate source signals 

s(t), use the scikit-learn library. 

We can use a Fourier analysis after we have 

the source signals. 

data transformation to analyze their power 

spectrum and 

the dominant signal frequencies should be 

determined. We can do it later. 

The power spectrum contains frequency 

peaks between 0.75 and 1.25. 

corresponding to healthy heart rate ranges of 

1 Hz to 4 Hz. 

45 to 240 bpm. The frequency within the 

permitted range corresponding to the peak 

with the recorded heart rate will be 

the greatest degree. 

2.4 Stress measurement  

Here we define stress as a measurement of 

Blood pressure variability, Blood pressure 

elevation is one of the most common and 

prominent symptoms of stress in humans. 

Blood pressure is defined as the pressure 

exerted by the blood on the arteries by blood. 

We estimate blood pressure over time using 

the heart rate by the circulatory control 

inverse model because it only uses pulses to 

provide an accurate representation. We have 

given a short brief of the model down below 

written by the author in his articles.  

 

 

Here, we discuss the models for the no-load 

stroke volume ratio a(t) and the peripheral 

vascular resistance ratio r(t). Taking into 

account the circulatory control system 
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characteristics that the ventricular stroke 

volume increases with increasing pulse rate, 

the no-load stroke volume ratio a(t)  is 

modeled by the interpolation of the linear 

function a(t)=b(t)/b0of the pulse rate b(t) and 

the constant a(t)=1 with a weighting factor, 

which we refer to as stroke volume change 

rate. 

 

 
 

The peripheral vascular resistance ratio r(t) 

is modeled as the multiplication of the effects 

of the lower and higher frequency 

components of the pulse rate variation 

because the circulatory control system 

maintains blood pressure constant24 and 

baroreceptors have different characteristics 

to effectively respond to short-term changes 

in blood pressure. 

 
where the effect of the lower frequency 

component of the pulse rate variation rLF(t) 

is modeled by interpolation of the inversely 

proportional function b0/bLF(t) of the lower 

frequency component of the pulse rate 

variation rLF(t) and the constant 1 with a 

weighting factor sr, and the effect of the 

higher frequency component of the pulse 

rate variation rHF(t) is modeled by the 

inversely proportional function of the p. 

 

 
The lower frequency component of the pulse 

rate variation bLF(t) is conveniently 

approximated by the second-order low pass 

filter with the cut-off frequency of c and the 

time constant Tc=1/ωc, which we refer to as 

the time constant of slow pulse rate variation. 

 
                     

 2.5 Tensor flow-based detection 

algorithm. 

 The Decision Tree algorithm underlies the 

Isolation Forest. It separates outliers by 

randomly picking a feature from the supplied 

collection of characteristics and then 

randomly determining a split value between 

that feature's maximum and minimum 

values. Isolation forest algorithm (detection 

trees) under the hood to detect outliers in the 

list dataset. The algorithm attempts to split or 

divide the data points so that each 

observation is separated from the rest. 

Anomalies are typically located apart from a 

cluster of data points, making it easier to 

separate them in comparison to ordinary 

data points. 

 
 

                                     Fig(B) 

 
 

                                    Fig(C)                                                                 

 

Regular data points require a 

disproportionately greater number of 

partitions than anomalous data points, as 
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seen in Figs. B and C. The anomaly score is 

determined for each data point, and points 

with anomaly scores greater than the 

threshold value are deemed anomalies. 

These values are then stored for stress 

determination over time. 

2.6 Neural Network finalization 

  Finally, we use the FFB PNN neural 

network to detect changes in the stress 

levels over time and note the changes in a 

list when it exceeds 5% and plotted as a 

graph. This 5% trigger value can be changed 

on the basis of the system configuration and 

its processing ability based on its graphics 

cards and CPUs and the accuracy needed 

for the following. 

 

 
                           Fig(C) 

 

 

 3 Experimental Setup 
The subject was positioned in front of the 

computer's webcam, and the face bounding 

box was applied to the live footage. For each 

30-second window, the reference heart rate 

was determined as the highest peak in the 

signal's power spectrum and noted 

temporarily as a list that changes every 

second with a new heartbeat value.   

We test the algorithm's resistance to 

bounding-box noise in addition to its 

robustness to subject mobility. Although the 

bounding box was usually centered on the 

face in each frame, we could see how there 

might be more errors in the location of the 

facial bounding box in a noisy environment 

where there is more movement of the 

camera or subject, poorer lighting, facial 

occlusions, or more background clutter.  

We may mimic this by introducing synthetic 

noise to the bounding box corner locations 

determined by the Haar cascade classifier. 

Corners of the bounding box were uniformly 

distributed at random up to a maximum noise 

percentage in each frame, shifting 

horizontally and vertically by percentages of 

width and height.  

 We then consider the temporary list formed 

and simultaneously calculate the blood 

pressure and store them in another list for the 

same.  Then we use a TensorFlow-based 

neural network that detects changes in the 

lists and plots every data point using the 

matplotlib module. It highlights the time in the 

form of (YYYY-MM-DD HH:MI: SS) and 

stores the respective frame in a folder.  

The above then were checked with 

sphygmomanometers to check for stress 

levels.  

 

 

4 Results 

Once the Haar cascade classifiers' facial 

bounding box (es) results were reduced 

to just one bounding box on the subject's 

face. For frontal photos, the simplest 

ROI, or the tighter bounding box 

employed by Pohet al., often contained 

largely skin pixels, however, there 

occasionally appeared hair or 

background at the corners. The research 

illustrates how more background pixels 

entered the ROI when the participant 

tilted or turned their head. 

 

This procedure comprises, as stated in 

the technical method, calculating the 

mean RGB pixel values within the ROI for 

each frame and then normalizing across 

a 30-second window, using ICA to 

separate independent source signals, 

and power spectrum analysis to identify 

the dominant frequencies.  These 30-
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second windows were run through the 

no-load stroke algorithm and provided to 

the Isolation Forest and FFNPBB 

algorithm to detect changes. The 

changes were first put into a python list 

and then plotted. As the figures below the 

display. 

 

 

 
                                   Fig(D) 

 

5 Conclusions  

We've shown that a typical color video of a 

person's face may be used to calculate heart 

rate and relative stress level in a person. In 

videos of stationary faces and videos with 

movement, we found heart rate errors of 3.4 

to 0.6 bpm and 2.0 to 1.6 bpm, respectively 

with stress eros levels at 16.335%. Given 

that the computed heart rate was 

consistently lower than the reference in 

every movie and had a low standard 

deviation, it is conceivable that the base 

mistake stems from the limitation of the 

processing power of the raspberry pi used to 

calculate data and the lower frame rate from 

the Logitech camera. 

The stress levels calculated were accurate to 

83.6675% these could be attributed to the 

problems stated above. In the future, we can 

use Neural networks to create and improve 

image processing filters that improve the 

image processing and calculation of the 

heartbeat. The image processing and 2% 

errors could be attributed to the neural 

networks due to the limited training of the 

models and can be rectified with more 

supervised training with 

sphygmomanometers and multiple subjects.  

 

The following is not suitable for medical uses 

but suitable for processes that need an 

accurate representation like high-stakes 

environments where stress monitoring over a 

period of time for multiple people using one 

device could help. For example corporate 

environments to improve working conditions 

and change workload distributions. It can 

also be used in exams to research and 

improve test-taking conditions and identify 

the questions and topics that students need 

in an online test when the question number 

and time stamps are associated with the 

highest stress levels and remind them to take 

a deep breath for better results and many 

more high-stakes psychology research. 
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