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ABSTRACT

Gupta, Mayank MSIE, Purdue University, December 2018. Computer Vision Ap-
proach for Estimating Human Health Parameters. Major Professor: Vaneet Aggar-
wal.

Measurement of vital cardiovascular health attributes, e.g., pulse rate variabil-
ity, and estimation of exertion level of a person can help in diagnosing potential
cardiovascular diseases, musculoskeletal injuries and thus monitoring an individual’s
well-being. Cumulative exposure to repetitive and forceful activities may lead to mus-
culoskeletal injuries which not only reduce workers’ efficiency and productivity, but
also affect their quality of life. Existing techniques for such measurements pose a great
challenge as they are either intrusive, interfere with human-machine interface, and/or
subjective in the nature, thus are not scalable. Non-contact methods to measure
these metrics can eliminate the need for specialized piece of equipment and manual
measurements. Non-contact methods can have additional advantages since they are
potentially scalable, portable, can be used for continuous measurements, and can be
used on patients and workers with varying levels of dexterity and independence, from
people with physical impairments, shop-floor workers to infants. In this work, we use
face videos and the photoplethysmography (PPG) signals to extract relevant features
and build a regression model that can predict pulse rate, and pulse rate variability,
and a classification model that can predict force exertion levels of 0%, 50%, and 100%
(representing rest, moderate effort, and high effort), thus providing a non-intrusive
and scalable approach. Efficient feature extraction has resulted in high accuracy for

both the models.



1. INTRODUCTION

Regular and non-invasive measurement of important health attributes such as pulse
rate (PR), pulse rate variability (PRV), and blood pressure (BP), force exertion level
are important due to their fundamental role in tracking one’s fitness level, diagnosis of
cardiovascular diseases, and monitoring of well-being. Such measurements are essen-
tial to obtain warning signs for heart diseases, anxiety, fatigue, and musculoskeletal
disorders (MSDs) at home, while working in the office, or during heavy-lifting jobs
such as in manufacturing shop floors. It becomes really imperative if these frequent
measurements can be done passively using non-contact methodologies. This work
explores the use of facial features from the videos of human to predict these vital
health attributes.

This work proposes the use of computer vision and machine learning technique
that can predict health related metrics such pulse rate (PR), pulse rate variability
(PRV) and force exertion level of the person using the features extracted from the
face video. Pulse rate is the number of times per unit time that the arteries expand
and contract in response to the heart, and is usually expressed in beats per minute
(bpm). Several studies [1-4] suggest that the heart rate of a normal adult is in the
range of 50-90 bpm while during sleep heartbeat of around 40-50 bpm is considered
normal. However, abnormalities in the heart is considered as a key factor for heart
disease and heart failure [5]. Pulse rate variability is the variation in the time interval
between two expansions of the artery. It is usually measured by the variation in beat-
to-beat interval. This metric is considered as a non-invasive technique for measuring
autonomic nervous system (ANS) activity [6]. The autonomic nervous system has two
branches; sympathetic nervous system (SNS) and parasympathetic nervous system
(PNS) and is regulated by hypothalamus. Its function includes control of respiration,

cardiac regulation, vasometer activity and certain reflex actions like coughing, sneez-



ing, swallowing, and vomiting. High-frequency (HF) component of PRV is affected
by efferent vagal (parasympathetic) activity and it decreases during the conditions
of acute time pressure, emotional strain, mental stress, and elevated anxiety [7-9].
The low-frequency (LF) component of PRV is known to contain both sympathetic
and vagal influences [10]. In the United States, 155 million people work full-time
as part of their daily lives. Although all employers are ethically required to provide
a safe and healthy workplace for their employees, people are still getting hurt daily.
Workplaces injuries like musculoskeletal disorders are preventable, and workplace risk
factors are known. However, monitoring these factors reliably and in a scalable way
is a key challenge. As per [11], MSDs such as strains and sprains that occur due
to overexertion constitutes of 349,050 cases that poses a huge burden on American
workers and industries. Overexertion has been known to be the most promising cause
of disabling injury as reported by the 2017 Liberty Mutual Workplace Safety Index
report that causes a huge direct cost of around $ 13 billion. There are multiple fac-
tors that contributes towards MSDs, but physical work demands has always been
an important contributor for MSDs. Furthermore, they not only impact individual
worker’s health and quality of life [12], they also result in significant cost to employ-
ees and society (e.g., workers compensation, medical care, loss productivity, training
temporary workers). [13-19]. Therefore, it leads to the necessity of measuring PR,
PRV, and exertion level frequently and accurately as it provides critical signs of one’s
well being and any abnormality could lead to potential health problems.

High force exertion levels are reported as the most common contributing factors
with sufficient evidence to suggest a causal relationship for work-related musculoskele-
tal disorders (MSDs) [20-24]. A comprehensive report by the National Institute for
Occupational Safety and Health (NIOSH) lists high/sustained force, repetitive move-
ments, and poor biomechanical postures are contributors to MSDs, with conclusion
that evidence exists linking force to musculoskeletal injuries [25].

Several key physiological and biomechanical mechanisms are proposed for how

force exertions lead to injuries. For instance, chronic low back pain can be a result



of tears in the soft tissues [26]. For instance, high and/or frequent force exertions
initiates lumbar disc damage and degeneration [27]. In addition to high force exer-
tions, prolonged /sustained force exertions could also lead to work-related MSDs. For
example, prolonged force exertions could lead to wrist injuries where frequent force
exertions by the hand (e.g., pinching and griping) lead to and exacerbate inflamma-
tion of the carpal tunnel cumulative tissue stress can eventually lead to injuries [28].

Currently, the gold standard techniques for measuring PR, and PRV include using
intrusive contact devices such as electrocardiogram (ECG), chest straps, and pulse
oximeters. Traditionally, ECG was extensively used for such measurement but recent
trend has been shifted towards using pulse oximeters because of its low cost. Pulse
oximeters depends on photoplethysmography (PPG) signal for the measurement of
PR and PRV. These devices are generally attached to the skin surface, usually on
fingertip or earlobe for such measurements. PPG is a low cost, non-invasive optical
technique for volumetric measurement of an organ. It utilizes opto-electronic com-
ponents: a source of light to illuminate the skin and a photodetector to measure the
small variation in the light intensity. PPG detects the blood volume change inside
the arteries when the skin is illuminated by the light source. The light when pro-
jected on the skin surface travels through the skin, arteries, and blood vessels. There
are two type of reflected lights received by the pulse oximeter: surface reflections
and sub-surface reflections. The reflection from the skin is surface reflection and is
constant whereas the reflection from blood inside the vessels changes because of the
change in blood volume with each cardiac cycle. The intensity of the sub-surface
reflected light carries the information that can be utilized to calculate the required
health parameters. The change in the volume of blood in arteries and capillaries is
in synchronization with the cardiac cycle. PPG waveform comprises of two compo-
nents, namely the AC and the DC component. AC component comprises of a pulsatile
physiological waveform caused by the changes in the blood volume with each heart
beat and DC component is slow varying and contains low frequency components as-

sociated with respiration, sympathetic nervous system, and thermoregulation [29].



Therefore, extraction of PPG waveform is very important to measure the well being
of the individual. Although pulse oximeter is easy to use, they have limitations for
frequent measurements. First, it requires the purchase of equipment and needs ei-
ther the health provider or the user to manually perform the measurements. Second,
the device needs to be carried to the different places that the user goes, limiting its
use. Third, the finger clip-on and earlobe clip-on may not always fit well on every
individual due to varying size of fingers and earlobes. The improper fitting of the
device may lead to estimation errors [30]. Fourth, using clip on may be potentially
uncomfortable during long use.

Although repetition, postures, and vibration are contributors to injuries, force
is one of the hardest to measure because it is difficult to observe and depend on
individual’s effort. For example, changes in expressions are subtle unless high forces
and strong efforts are needed. Many methods are currently available to measure the
force exertion levels. However, each method vary in reliability and feasibility as they
are either 1) intrusive (e.g., disrupts the worker while they are performing their job),
2) interfere with human machine interface (e.g., need to install force gauges on tool-
handles and machine controls), 3) subjective, and most importantly 4) not widely
scalable across all workers, jobs, and workplaces as trained ergonomics and safety
professionals are needed to implement these methods.

Various methods have been used by different researchers to measure, estimate
workers hand force exertions. For example, the physical exertion level is commonly
rated using visual scales [31]. Other techniques include estimating hand forces through
context, i.e., using the object weights or checking the carrying loads by observing
and interviewing the workers [32], measured with a force gauge or mimicked on a
hand dynamometer by workers [33, 34], observed by ergonomists, or measured by
electromyography on the forearm muscles [35, 36].

The conventional method to measure hand grip force uses hand grip dynamome-
ters [33,34]. Most hand dynamometers operate using strain gauge and directly mea-

sures hand grip strength. In workplaces, the workers may be asked to replicate the



tasks forces on grip dynamometers. Although these devices provide actual force mea-
surements, their usability is limited due to their availability to workers.

In observational methods, the force levels are observed and estimated by trained
ergonomists. The ergonomists are trained to recognize these subtle cues (twist in
body, strain in face, perspiration). These signs will become more clear in high force
assessing requirements. This method could be also performed on recorded videos of
the workers. This method is subjective and based on the estimations [37].

Electromyogram (EMG) is a signal that can be measured from the skin surface.
Various studies have used the EMG sensors to measure the muscle activation and
hand grip strength. The EMG signals measures the activation of forearm muscles.
The recorded signals can be filtered and normalized with the maximum activity to
represent the hands grip forces [35,36,38]. This method requires the EMG sensors
which are not widely available, cannot be used in workplaces due to time constrains,
and are intrusive to workers.

Thus, this work considers the use of non-contact based robust approach where
passive video of the face can be used to estimate the health metrics of the individual
without the need of any specialized piece of equipment.

Monitoring of health parameters like pulse rate and pulse rate variability using
non-contact methods like videos from camera has been recently considered in [39-46],
where it is shown that the PPG signal can be extracted from the videos of the face.It
can be done without any dedicated source of light with the help of low cost digital
camera. The non-contact measurement using camera’s video could find many appli-
cations including determination of health parameters of people working in an office
environment, shop-floor, newborn infants in the hospital where using contact probes
may not be possible. These applications are promising because of the availability
of cameras in these places. In these works, the PPG signal is extracted from each
individual, and thus the coefficients of the video features that provide the PPG signal
are dependent on the individual. In contrast, we do not consider individual charac-

teristics in the prediction. The proposed method can thus help predict health metrics



of an individual for which no training sample has been collected in the past, making
our methodology robust. Also, the use of non-contact methodology has an additional
advantage of being scalable, and portable since the presence of camera is ubiquitous
in all electronic gadgets carried by the users.

The novel approach proposed in this work has three key steps. The first step
considers designing the experiments to gather the data. This involves capturing the
video of the subjects under different conditions. Second step involves extracting the
“right” features from different frames of the video. Once the features corresponding
to the face in each frame are obtained, the third step includes training a deep neural

network to learn health parameters from the above obtained features.

1.1 Key Contributions

The key contributions in predicting cardiovascular parameters and force exertion

level are summarized here:

1.1.1 Cardiovascular Parameters:

e One of the key contribution is designing an experiment in order to collect the
data that can help in predicting pulse rate and pulse rate variability from the
facial videos. To the best of our knowledge, there is no existing data-set that

contains such information required to train the machine learning model.

e Most of the work that has been done in providing non-contact mechanism for
estimating pulse rate and pulse rate variability doesn’t involve using machine
learning approach. Most of the methods are dependent on using techniques
of signal processing, and other domain knowledge to estimate cardiovascular
parameters passively. There have been certain work that uses machine learning,
but none of the work predicts pulse rate variability using machine learning. This

work uses the data collected from the designed experiment and extends the use



of machine learning in such prediction. The approach has been evaluated on
a group of people with different ethnicities, where we find that the proposed
approach has lower than 7.4% error in predicting each of the pulse rate, low-
and high- frequency components of the pulse rate variability. The proposed
approach also reduces the root mean squared error in predicting pulse rate

variability by 83.3% as compared to the state-of-the-art.

1.1.2 Force Exertion Level

e This work provides first ever approach for predicting the force exertion level
using techniques of computer vision and machine learning, to the best of our
knowledge. The proposed algorithm classifies between three different levels of
force exertion, i.e., 0%, 50%, & 100%. The methodology provides an overall
accuracy of over 80% in correctly classifying these three levels. This algorithm
uses efficient feature extraction methods from the facial videos and the PPG
signals to perform the classification. The proposed method first uses a classifi-
cation based on features extracted from the video data to classify between two
levels, 100% and < 50%. The features from the PPG signals are then used to
differentiate between 0% and 50%. Since the PPG signals can be obtained from
the face videos [42], this approach is a computer vision approach with the face
video as an input and an estimate of force exertion level as the output. Since
we are not aware of an existing data set containing face videos and the force
exertion levels, we design our own experiment to collect the relevant data for
training our model. The data is collected using 20 subjects in total, where each
subject was asked to perform different levels of force exertion activities and their
videos & PPG data was recorded. Relevant set of features are extracted from
this data and two neural networks are trained to achieve an overall accuracy of

81.7%.



e The second key contribution in our work is the extraction of average movement
of facial landmarks from the video data. Such features has never been used
to train a machine learning algorithm for predicting force level in the existing
literature, to the best of our knowledge. The feature extraction is essential
since the large number of features in the face video may cause the classification
algorithm to overfit to training samples and generalize poorly to new samples.
It has been demonstrated that the extracted features are the key features in
training the model to provide the classification between high (100%) & low
(0% & 50%) force exertion level. Deepface algorithm [47] has been used to
process the collected videos. The different frames of the videos are aligned and
human face is detected in each frame using Deepface. The spatial location of
facial landmarks (128 points on the face) are tracked in the entire video and the
average movement of each landmark is calculated relative to its position in the
first frame of the video. The detailed explanation on such feature extraction is

given in Section 4.2.2.

e The third contribution in the proposed paper includes efficient feature extrac-
tion from photoplethysmogram (PPG) signals. PPG signal is collected for each
subject at every force exertion level during our experiments. PPG signal has
been utilized to extract various kind of features as detailed in Section 4.2.2.
This approach of feature extraction is novel, and has not been studied in prior
works to the best of our knowledge. The extracted PPG features provide second
level of classification between 0% and 50% force exertion levels in our work. For
the cases where the face video signals predict the low levels (0% or 50%), the
extracted features from the PPG signals are used to obtain efficient classifica-

tion.

e The proposed approach is shown to be robust to unseen data from an activity
level that is different from the activities in our experiment. This is done by

recording the face video and the PPG signals of the subjects at a new activity



level corresponding to when the subject is talking. The average movement
landmarks for talking were extracted from the videos, and were used to predict
force exertion level from our first model. If the first model predicts low, the
extracted PPG features from the obtained PPG signal are passed through our
second trained model. The results shows that first model classifies 7 out of 7
subjects belonging to low (0% & 50%) force exertion level category and second

model predicts 0% force exertion level for 5 out of 7 subjects

The rest of the chapters are organized as follows: The discussion on the related
work is presented in chapter 2. The experiments conducted to gather the data is ex-
plained in chapter 3. The novel approach adapted to process videos, extract features,
and train neural networks is explained in 4. The results obtained in this work are
demonstrated in chapter 5. Chapter 6 provides additional discussions for the obtained
results and Chapter 7 concludes the thesis with a brief mention of the potential future

work.
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2. LITERATURE STUDY

Over the past decade, there has been interest in developing methodologies for mea-
suring health metrics like pulse rate, pulse rate variability, blood pressure, and blood
oxygen level using non-contact devices (e.g., camera videos) as opposed to contact
devices [39-42,48-51]. Although pulse oximeter device provides easier method for
measuring PR and PRV than using ECG, but non contact method has its own ben-
efits as discussed in chapter 1.

The authors in [49] showed that it is possible to extract PPG signal from the video
using complementary metal-oxide semiconductor camera by illuminating a region of
tissue using through external light emitting diodes at dual wavelength (760nm and
880nm). Further, the authors of [39] demonstrated that PPG signal can be estimated
by just using ambient light as a source of illumination along with simple digital cam-
era. Further in [40], PPG waveform was estimated from the videos recorded using low
cost webcam. The red, green, and blue channels of the images were decomposed into
independent sources using independent component analysis. One of the independent
source was selected to estimate PPG and further calculate PR, and PRV. All these
works showed the possibility of extracting PPG signal from the videos and proved
the similarity of this signal with the one obtained using contact device.

The authors of [42] proposed a methodology that overcomes a challenge in ex-
tracting PPG for people with dark skin tones. The challenge due to slight movement
and low lighting conditions during recording a video is also addressed. They imple-
mented the method where PPG signal is extracted from different regions of the face
and signal from each region is combined using their weighted average making weights
different for different people depending on their skin color.

There are other attempts where authors of [43-45,52] have introduced different

methodologies to make algorithms for estimating pulse rate robust to illumination
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variation and motion of subjects. The paper [45] introduces a chrominance-based
method to reduce the effect of motion in estimating pulse rate. The authors of [44]
uses a technique in which face tracking and Normalized Least Square adaptive filtering
is used to counter the effects of variations due to illumination and subject movement.
The paper [52] resolves the issue of subject movement by choosing the rectangular
ROTI’s on the face relative to the facial landmarks and facial landmarks are tracked in
the video using pose-free facial landmark fitting tracker discussed in [46] followed by
the removal of noise due to illumination to extract noise-free PPG signal for estimating
pulse rate.

Recently, use of machine learning in prediction of health parameteres have gained
attention. The paper [53] used supervised learning methodology to predict the pulse
rate from the videos taken from any off-shelf camera. The authors trained the support
vector machine with radial basis function. Their model showed the possibility of using
machine learning methods to estimate pulse rate. However, our method outperforms
their results when root mean squared error of the predicted pulse rate is compared
which is discussed later in the paper. The authors in [54] proposed a deep learning
methodology to predict pulse rate from the facial videos. The researchers trained
a convolutional neural network (CNN) on the images generated using Short-Time
Fourier Transform (STFT) applied on the R, G, & B channels from facial region of
interests. The authors of [53,54] only predicted pulse rate and this work is extended
in predicting pulse rate variability as well.

All the related work discussed above utilizes filtering and digital signal processing
to extract PPG signal from the video which is further used to estimate the PR and
PRV. The method proposed in [42] is person dependent since the weights will be
different for people with different skin tone. In contrast, we propose a deep learning
model to predict the PR and PRV which is independent of the person who is being
trained. Thus, the model would work even if there is no prior training model built

for that individual and hence, making our model robust.
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Advances in computer vision and machine learning have the potential to address
limitations of current ergonomics state-of-the-art methods for collecting force exer-
tion data in workplace exposure assessments. Automated video exposure assessment
has been used in previous studies to automatically quantify repetitive hand activity
with the use of digital video processing [55]. Using video recordings to measure the
ergonomic risk factor of repetitive motions, the investigators developed algorithms
that tracked the hand and calculated kinematic variables of tasks such as frequency
and speed [56]. The authors of [57] demonstrated that marker-less video tracking
algorithm can be used to measure duty cycle and hand activity levels in repetitive
manual tasks. The computer vision-based motion capture has been used previously to
track and build on-site biomechanical model of the body and minimize work related
ergonomic risk factors on construction sites [58-60]. The computer vision approach
provides a promising tool for quantifying ergonomic risks from repetitive movements
and potentially non-neutral postures; however, force exertion levels are another key
ergonomic risk factor that computer vision techniques have not been developed to
detect force exertion levels that may associate with injury risks.

Photoplethysmogram (PPG) is an optical technique for the volumetric measure-
ment of the organ. It generates a pulsating wave based on the changes in volume
of the blood flowing inside the arteries. Recently, there has been growing interest of
the researchers in exploring PPG signal. Till date, the PPG signal has been used to
extract information such as oxygen saturation level, blood pressure, respiration rate,
pulse rate, and pulse rate variability. It is also a promising technique that is used in
early screening of various atherosclerotic pathologies [61]. The amplitude of the PPG
has been used as an indicator to vascular distensibility [62]. This information is used
by anesthesiologists to judge subjectively whether a patient is sufficiently anesthetized
for surgery. PPG waveform can be a useful tool for detecting and diagnosing cardiac
arrhythmias as well. The researchers have also analyzed first and second derivative
of PPG signal. The first derivative of the PPG can also be used to calculate the aug-

mentation index which is a measure of arterial stiffness [61]. The measure of arterial
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stiffness can be further be related to vascular aging [63]. There have been numerous
applications of PPG signal and researchers are still exploring the potential of this

signal.
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3. DATA COLLECTION

This chapter focuses on the novel experimentation methodology developed for collect-
ing the data to train a machine learning model. There are two different kind of ex-
periments conducted to capture data related to cardiovascular parameters (pulse rate
and pulse rate variability) and force exertion level of the person respectively. Both the
experiments are conducted at Purdue campus under the Institutional Review Board
protocol No. 1707019484 & 1708019605. The details of both the experiments are

given below.

3.1 Experiments for cardiovascular parameters

The experiment is designed to collect data in order to predict pulse rate and pulse

rate variability. From here on, this experiment would be denoted as Experiment A.

3.1.1 Set-Up

In order to predict the vital health metrics, the face video of the person are used.
Therefore, the foremost task in the experiments is to capture the human facial videos.
The videos are captured using a 5 MP front-facing Hello face-authentication camera
(1080p HD) from Microsoft Surface Book, that has 30 frames per second (fps). It is a
Microsoft-designed infrared camera with designated infrared light source to increase
accuracy of face recognition. The camera is capable of capturing red, green and
blue color bands. The authors of [39] suggested that green channel of the video
outperforms blue and red channel in estimating the health parameters. Therefore,

the green channel of the camera is utilized to maximize the signal noise ratio for
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Fig. 3.1. Experimental set-up. The contact probe of Shimmer3 GSR+
is attached to the earlobe and laptop camera is placed around 0.5 m
away from the subject.

model training. The features obtained from these videos will be used to predict the
health metrics.

In order to train the data, true values of PR and PRV are calculated using a contact
measurement, device, Shimmer3 GSR+, that records the ground truth PPG signal.
The earlobe is chosen as the suitable position for recording PPG since it is close to the
face. This proximity is cared about since face is used for our video recordings as well.
Subjects were asked to sit still for capturing the video, facing towards the camera
at a distance of approximately 0.5m, and PPG signal was recorded simultaneously
through Shimmer3 GSR+ device. One minute video was recorded for each subject.
The longer the duration for PPG signal, the better estimate it gives for pulse rate

variability [64]. Therefore, 1 minute was considered as the sufficient time for our
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experiments. The set-up for conducting experiments is shown in figure 3.1 where a

person is sitting still in front of the camera with Shimmer attached on the earlobe.

3.1.2 Experiments

The measurement for each subject is obtained in a room with constant lighting
and background environment to reduce the variations in terms of illumination in the
videos and across different subjects. The method of conducting the experiments is
shown in Figure 3.1. The study involved people of different skin colors, race, and
age to introduce variability in the data. Different activity levels are designed that
need to be performed by each subject. The different activity levels at which the
measurements were collected are: Rest Position, Brisk Walk, and Exercise, and are
described next.These different activity level ensures variation in the ground truth

values of pulse rate and pulse rate variability, thus providing variation in the dataset.

Activity Levels

The different activity levels designed are:

Rest Position: The first experiment was conducted when each participant was
at rest condition. Each subject was asked to relax and sit still in front of the camera.
The video and Shimmer device recordings were performed simultaneously. The main
aim for this activity level was to capture the cardiovascular parameters at normal
levels.

Brisk Walk: The next experiment involved data collection of the same partici-
pants after they were asked to do brisk walk for 0.25 mile at a speed of 3-4 mph on the
treadmill. The video and shimmer recordings were captured as soon as the subject
complete the brisk walk. It was made sure that there was no time gap between the
walking and video recording. This helped in capturing the changed health parameters

due to walking and helped obtain variety in pulse rate in the collected data set.
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Exercise: The last experiment involved the task of performing either push-up
or sit-up by each participant. All subjects were asked to perform as many push-ups
or sit-ups as they can such that they exert themselves to their full capacity. The
typical for this exercise was 10-25 push-ups or sit-ups depending on the individual.
The video and Shimmer device recordings were performed as soon as each participant
completed the task of performing this exercise. This activity was designed to elicit
high pulse rate since the individual was working out at their full capacity.

The reason for three different kind of activities was to capture wide range of
conditions for the training data. During the rest position, the pulse rate of the
subject will be normal but it will increase as person switches to brisk walk and then
to exercise. Figure 3.2 shows the difference in the mean value of pulse rate (bpm) for
different subjects under three levels of activity. The mean pulse rate for rest, walk,
and exercise condition was recorded to be 72.9, 79.6, and 98.53 respectively. Each
subject was asked to quickly record the video and PPG after each activity so that the
pulse rate does not go back to normal before taking the video. Each subject was given
a rest of 10-15 minutes before each activity so as to recover the pulse rate and bring
it back to normal level. The rest time was enough to recover as for healthy adults,

pulse rate falls at a rate of about 20 beats per minute after intense exercise [65]

3.2 Experiments for exertion level

An another experiment has been designed to collect the data that will be used
to predict force exertion level. A study was conducted where each subject exerted
varying levels of muscle force. During these activities, we collected the videos of the
person performing the activity as well as data regarding the volumetric blood flow by
capturing PPG signal using pulse oximeter. Figure 3.3 shows the complete set-up we

used in our study. From here onwards, this experiment would be called as Experiment

B.
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Fig. 3.2. The mean value of pulse rate measured in beats per minute
for all the subjects under different activity levels.
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Fig. 3.3. The experimental setup with a subject holding a grip dy-
namometer and pulse oximeter attached to the earlobe. The GoPro
attached on the tripod is used to capture the video

3.2.1 Study participants

Twenty healthy volunteers participated in this study. The participants were re-
cruited from a university population through email including a description of the
study. This study was reviewed by the university’s Institutional Review Board and
all participants provided informed consent. The only exclusion criteria were current
injuries that prevented participants from performing force exertions. Sixteen males
and 4 females participated in the study, all were right hand dominant, and their ages
ranged from 18 to 29 years. The details of all the subjects that participated in the
study is given in Table 3.1.
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3.2.2 Study Setup

The power grip dynamometer was used to measure the grip force of each subject.
This devise helps in measuring the maximum isometric strength of the hand and
forearm muscles and hence helps us collecting the ground truth of force exertion level
for each subject.

A GoPro camera was used to capture the video of our subjects while they were
performing different kind of activities. We placed GoPro in front of the subject,
around 0.5 meter away from face, and video recorded the subject during the entire
experiment. It is a 12 MP camera and recordings are done at 50 frames per second.

The photoplethysmogram (PPG) signals were recorded using using pulse oximeter.
The PPG signals were captured by Shimmer GST+. This device has a contact probe
that is attached to the earlobe. The earlobe is chosen as the suitable position for
recording the PPG.. Although the signals could be estimated using the non-contact
methodologies [42], in this study the actual PPG signals were recorded using pulse

oximeter to minimize the errors of estimation.

Table 3.1.
Data for 20 subjects in Experiment B

Female (n=4)
Mean £ SD Min Max
Age (years) 20.0£1.4 19 22
Weight (Ib)  124.04£33.9 100 148
Grip Force (Ib)  47.0+154 30 62

Male (n=16)
Mean £ SD Min Max
Age (years) 20.8£2.7 18 29
Weight (Ib)  133.8+21.7 110 168
Grip MVC (Ib)  88.8+£20.4 62 118
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3.2.3 Study Design

At the beginning of the data collection session, participants were provided a de-
scription of the study, and written consent was collected. First, the subjects were
seated in front of the white background to minimize the noise in video processing in
detecting the face. The handheld dynamometer was calibrated as per the hand size to
ensure standardized and comfortable gripping postures for each subject. This follows
attaching pulse oximeter’s contact probe properly to the subject’s earlobe.

Participants were given a 5-minutes practice period to familiarize with the devices
and environment. The overall study involved three different activity levels at different
setting of grip dynamometer. In the first trial, each participant performed a grip
exertion at maximum force that they are capable of. The subjects were instructed
to maintain the maximum force for 9 seconds (note that although the magnitude of
the force may decrease during the 9-seconds, participants continued to exert their
maximum effort). The recordings were stopped after 9 seconds.The second exertion
trial was 0% grip force. In this trial, subjects were asked to hold the grip dynamometer
without exerting any grip force. The subjects rested for 5-10 minutes between each
force exertion levels to prevent fatigue effects from carrying over to the next force
exertion trial. The rest period was also enough for subjects to recover from increased
pulse rate during the activity [65]. Finally, the last trial was force exertions at 50%
of maximum force . In this trial, each subject was asked to exert exactly 50% of their
maximum grip contraction. The distribution of the grip force for different subjects is

reported in Table 3.1.
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4. METHODOLOGY

This chapter gives a detailed explanation about the methodology used to process the
recorded data during our experiments and convert it into meaningful features that can
help us in predicting the cardiovascular parameters (pulse rate, pulse rate variability)
and force exertion level for each subject.

The overall method adopted for processing data from both the experiments in-
cludes three main steps:

1) Processing the videos using techniques of computer vision to extract the relevant
regions from each frame of the video

2) Feature extraction from each of the processed frame.

3) Training a neural network model that will take extracted features as an input

and outputs the predictions.

4.1 Video Processing

In this work, videos are processed using an existing state-of-the-art algorithm
called Deepface [47]. This algorithm has been developed by the researchers at Face-
book. Deepface is a face recognition algorithm that consists of four main stages: 1.
Detect 2. Align 3. Represent, and 4. Classify.

There have been other work in developing algorithm for facial recognition [66-71],
but Deepface [47] reached an accuracy of 97.35% in Labeled Faces in the Wild (LFW)
dataset and reduced the error in face recognition of current state-of-the art by more
than 27%. The high accuracy in Deepface is achieved by revisiting both alignment
and representation step. 3D face alignment has been done using piecewise affine

transformation and face representation is derived using 9-layer neural network which
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is a key for the high performance. Therefore, we utilized Deepface for recognizing

faces in our approach.

4.1.1 Video Processing for Experiment A

The video is recorded for 1 minute for each subject under different activities as
referred in 3.1.2 but for our analysis, first 50 seconds of the video are used (The last
8-9 seconds video was corrupted for 3 subjects and in order to keep consistency, we
trimmed our videos to 50 seconds). Entire video is broken into frames where each
frame is composed of red, green, and blue color bands. The first step in the video
processing involved the detection of human face in each frame of the video. The
detected human face is then aligned automatically by DeepFace using 3D alignment
method [47]. The aligned face was cropped from the image using the landmark points

on the face shown in Figure 4.2.

4.1.2 Video Processing for Experiment B

The 9 seconds video of each subject is trimmed to 7 seconds before passing it to
Deepface. The first 2 seconds of videos are removed because each subject requires
initial 1-2sec to reach to the required force level. Each video is recorded at 50 frames
per second and hence, consists of 350 frames We process all these frames using Deep-
face that recognizes and aligns the face of each subject across the frames using 68
landmark points on the face. Figure 4.1 shows how deepface is used to extract faces
from the each frame in the video. Figure 4.1 (a) is an example of an actual frame in
the video. DeepFace recognizes the face of the person in each and crops the face out
of it as shown in Figure 4.1 (b). This algorithm helps identify 68 landmark points
on the face as depicted in Figure 4.1 (c) and track these 68 landmark points over the
whole video The 68 landmark points represents the contour of the face, eyebrows,

eyes, lips, and nose. Detecting and aligning the face in each frame of the video is
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Fig. 4.1. The steps followed for feature extraction from each frame
of the video. (a) The actual image (one of the many frame) from the
video captured during the experiment. (b) The detected and aligned
face using DeepFace. (c) The face along with the 68 landmarks on it.
These 68 landmark points are used by DeepFace in face recognition.

one of the most critical step in our overall methodology, because relevant features to

train a neural network will be extracted from the output of Deepface.

4.2 Feature Extraction

The extraction of “right” features is important as it plays significant role in train-
ing a neural network. The choice of relevant features leads to the simplification of
the models which in turn requires shorter training time [72]. “Right” set of features
helps in avoiding the curse of dimensionality and leads to generalization of the model

by reducing the variance in the model [73].

4.2.1 Feature Extraction for Experiment A

The image was cropped so as to have only face feature and removing extra pixel
values from the images. The forehead was carefully retained since it contains the

maximum information about blood perfusion inside the arteries [42]. Therefore, the
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amount of information contained in the pixel values of forehead was important for
our analysis. The cropped images were used for training the deep learning model.
The stages of video processing are shown in Figure 4.2. The pixel instensity values

becomes the relevant set of features, Dy, from experiment A.

4.2.2 Feature Extraction for Experiment B
Features from Videos

Deepface utilizes the information of 68 landmark points on the face. The proposed
method use 128 landmark points on the face as shown in Figure 4.4. Based on
68 landmark points, we locate 60 more landmarks on the face that lies on the left
and right cheeks. Thirty landmarks on each cheek is located based on the location
of landmarks on the contour of the face and eyes. Different landmark points can
be grouped together based on the location on the face as: 1: Contour of Face (17
landmarks), 2: Left Eye with left eye brow (11 landmarks), 3: Right eye with right
eyebrow (11 landmarks), 4: Nose (9 landmarks), 5: Lips (16 landmarks), 6: Left
Cheek (32 landmarks), 7: Right Cheek (32 landmarks).

All the 128 landmark points are tracked in 350 frames for each video. The location
(x and y co-ordinate values) of each landmark is extracted and based on the location,
the average movement of each landmark with respect to its location in the first frame
is calculated over the entire video. For each video, average movement, d;,of each

landmark, j, is given in equation 4.1

g i V(5 — Ia;)Q + (Y — yi)? (4.1)

where n is the number of frames in the video. Thus, the set Di={d;, ds....... dios}
is our first set of features used in the prediction of exertion level. These features are
potential indicator of exertion level as they depict how each point on the face moves

in the entire video when subjects are asked to perform different exertion level activity.
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Features from PPG

The other set of features is derived using PPG signal captured during our data
collection experiments. PPG signal of each subject consists of multiple beats where
each beat is defined as the set of consecutive values of PPG having a maximum PPG
value between two minimum values as highlighted in yellow color in Figure 4.3 (a).
Therefore, for each beat we have a starting point denoted at T1, maximum point
denoted as T2, and end point denoted at T3. The total number of beats of 7 seconds
recorded PPG were varied from 8 to 12 beats. Therefore, from each PPG signal

following features are extracted:
e Time interval between T1 and T2 is extracted for first 5 beats
e Time interval between T2 and T3 for first 4 beats
e Time interval between T1 and T3 for first 4 beats
e Standard deviation of PPG values at T2 for all beats
e Standard deviation of PPG values at T1 for all beats
e Mean of three time intervals: T1 and T2, T2 and T3 and T1 and T3

e Standard deviation of three time intervals: T1 and T2, T2 and T3 and T1 and
T3

The above mentioned 21 features were extracted from PPG signal corresponding
to each video. The set of these 21 features is referred to as D- in rest of the document.
The PPG features extracted from the signal corresponds to the cardiovascular activi-
ties of the person during different experiment levels. In this work, we extracted these
features from PPG signal that is captured using a contact device. Recently there
have been advancements in passively estimating the PPG signal using facial video
without the need of any contact device. There are many state-of-the-art techniques

discussed in [39-42,48-51] that utilizes videos of the human to extract PPG signal.
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Fig. 4.3. Collected PPG Signals (a) 0% grip force (b) 50% grip force;
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Fig. 4.4. The location of 128 landmark points on the face for different
subjects. Additional 60 landmarks have been identified on the face
for efficient model training

The features extracted for model training is our main novelty as none of the other
authors have extracted such features and used machine learning to predict the force

exertion level. This is the first ever work that utilizes such facial and PPG features.
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4.3 Model Training
4.3.1 Model Training for Experiment A

We train a deep learning model using TensorFlow to estimate the health metrics.
The model was trained through multi layered neural network. The architecture of the
neural network, NNy, used for training Dy is shown in figure 4.6. A fully connected
neural network with three hidden layers is used. The network consisted of rectified
linear units (ReLLU) and the rectifier activation is given as f(x) = max(0, x), where x
is the input to the neuron. The network is trained using back propagation algorithm
with mean squared error as the loss function. The green color band was shown to be
the best source for extracting information about the health parameters [39]. Hence,
we utilized all the pixel values corresponding to the green channel of each frame
to train our machine learning model. Image from each frame is down sampled to
20x20 image. Hence, we used 400 features from each frame to train the model. The
features were normalized to bring them in a range of [0,1] so that it becomes easy
for neural network to learn from the data. The down sampling was done to reduce
the computational expense of our model. The actual response value i.e. PR and
PRV was extracted from the PPG signal recorded during our experiment. In order to
extract actual PR from PPG, we computed power spectral density (PSD) of the PPG
signal using fast Fourier transform (FFT) algorithm. The PR is then estimated as
the frequency corresponding to the maximum power in the PSD (PR= 60. f bpm),
where f is the required frequency. The LF and HF components of PRV are calculated
by computing the area under the PSD curve between specific frequency range. For
LF, the frequency range is 0.04-0.15Hz and for HF, it is 0.15-0.4Hz. We used PR,
HF, and LF as a response variable to train our model.

The PR and the two components of PRV estimated from PPG were trained for
the whole video of 50s which contains 1500 frames. The computation accuracy of
PRV increases with video duration [64], therefore, we utilized the whole video at once

to train the network.



31

4.3.2 Model Training for Experiment B

After all the relevant features D; and D, are extracted, we train two neural
networks : NN; & NN, to predict the three levels of exertion level of human. The
feature set D; is used for training N N; that classifies 100% force exertion level and
rest of other levels (0% & 50% ) and further feature set Dj is trained on NNy to
classify between 0% and 50% level.

The architecture of both NN; and NN, used to train the features is same as
shown in Figure 4.6. The extracted features D, & D, were used as the input data
into a neural network with 1 input , 3 hidden and 1 output layers as shown in Figure
4.6. For each hidden layer, 35 neurons are used. The activation function used in the
training of network is exponential linear units (ELUs) [74] as defined in equation 4.2.
Batch normalization is used in each hidden layer [75]. The use of drop-out is one of
the simplest way to avoid over-fitting of the neural network [76]. Drop-out rate was
set to 50% to avoid over-fitting in all the three hidden layers. This will help in better
generalizing the network for unseen data. In the output layer, two neurons were used
for 100% and rest (0% and 50%) for NNy & 0% force exertion and 50% force exertion
level for N Ny. The best performance of the network is achieved with using Adam [77]

as an optimizer along with categorical cross-entropy as a loss function.

X, ifx>0

ax (e —1) ifx <0
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Fig. 4.6. The architecture of a fully connected neural network with
three hidden layers
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5. RESULTS

This chapter details about the prediction results in case of both the types of problems
considered in this work: regression problem in order to predict pulse rate, and pulse
rate variability; classification of prediction of force exertion level of the human. The
results are computed from the different neural network models. The point to note
here is that, for regression problem, the output layer had 1 neuron with mean squared
error and a loss function, whereas in classification problem, the output layer of the
neural networks used had two neurons and categorical cross entropy has been used

as the loss function.

5.1 Result for predicting Pulse rate and pulse rate variability
5.1.1 Pulse Rate

The values of PR predicted by the model were compared with the true values
calculated from the readings of contact device and the errors were calculated accord-
ingly. The mean absolute percentage errors were calculated using leave-one-out cross
validation. To be more specific, since there are 20 subjects in total, nineteen out of
the twenty subjects are chosen and picked out all observations from those nineteen
subjects to make up our entire training set. All observations for the subject that
was left out from the training set were considered as the test set. This procedure is
iterated for each subject to make sure that model is tested on each individual. Since
the data from test set is completely new compared to the training set, this tells us
how the model predicts on subjects it has never seen before, regardless of skin tone,

race, and facial features.
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The Mean absolute percentage error (MAPE) and Root Mean Squared Error
(RMSE) for our predictions is calculated. The mean of errors on all 20 subjects
was found to be 4.6%. Similarly, RMSE value for our test set is found out to be
4.39. The authors of [53] reported a RMSE of 9.52 on test set in predicting PR
meaning that our model outperforms theirs and shows a reduction in RMSE by 53%
for predicting PR.

Figure 5.1 shows how the test and train loss varies with number of iterations run
by the neural network. For computation, mean squared error is used as the loss
function. The number of iterations were chosen based on the behavior of test and
train loss. If the number of iterations were too low, it lead to under-fitting wherein
both train and test error were high and if number of iterations were too many, it lead
to over-fitting. In order to avoid these scenarios, the model is run for 170 epochs.

Figure 5.2 shows a scatter plot between predicted and actual values of pulse rate.
The straight line shown is a 45 degree line (y = z), and the closeness of the scatter

points to the straight line indicates the high accuracy of our model.

5.1.2 Pulse Rate Variability

Another health metric considered in this paper is pulse rate variability. The model
is trained using High-Frequency component and Low-Frequency component of PRV.
The separate models to train our model to predict the HF component and the LF
component are designed.

The models are tested using leave-one-out cross validation method similar to the
pulse rate. The model makes predictions on the user who has not been seen before in
the training data. The number of iterations to run our PRV model is chosen as 200.
The test and training losses with iterations for the LF and the HF component of the
PRV are depicted in Figure 5.3 and Figure 5.5, respectively.

For predicting normalized LF, mean absolute percentage error on test set is 4.58%,

and the root mean squared error is 3.49. On the other hand, the MAPE for normalized
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Predicted Values of Heart Rate

Scatter Plot of Actual vs Predicted Values
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Fig. 5.2. Scatter plot of the predicted PR value vs. the ground truth
PR value. The straight line is function y = x. The closeness of the
points to the line indicates the model accuracy.
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Scatter Plot of Actual vs Predicted Values
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Fig. 5.4. Scatter plot of the predicted LF value vs. the ground truth LF value.
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Predicted HF Values

Scatter Plot of Actual vs Predicted Values
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Fig. 5.7. Plot of behavior of Mean Absolute Percentage Error against
number of hidden layers in a neural network for predicting cardiovas-
cular parameters

HF is found to be 10.2%, and the RMSE is 4.96 for test data. The mean RMSE of
PRV for our model is 4.3 whereas the mean RMSE taken over different skin colored
people in [42] is 25.3 thus providing 83% decrease in the RMSE for predicting PRV.
Figure 5.4 and Figure 5.6 depict the comparison between the actual values and the
predicted values for the two components of the PRV, respectively.

The neural network used in predicting all the above stated cardiovascular param-
eters uses three hidden layers in their architecture. Figure 5.7 provides the reasoning
for this choice. Figure 5.7 shows how MAPE changes with respect to the number of
hidden layers in the neural network while predicting different cardiovascular param-
eters. The value of MAPE is higher when 2 hidden layers are used as compared to

3 hidden layers. This could be because of insufficient number of layers to learn the
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pattern in the data well. Also, we see that as the number of hidden layers exceeds
3, there is increase in the value of MAPE for all the three variables of interest. This
could be because network might be over-fitting the training dataset because of higher

number of layers and hence doesn’t generalize well on the test dataset, and hence

higher MAPE.

5.2 Results for predicting Force Exertion Level

This section summarizes the classification results of both neural networks i.e., N N;
& NN,. The performance of final model is discussed along with the noise analysis

that shows the robustness of the trained model.

5.2.1 Force level classification using D,

The classification between 100% (group A) and 0% & 50% (group B) is done using
N N;. The model is trained using a fully connected neural network as architecture
that utilizes average movement of landmark points. The neural network is trained
for 200 epochs. The number of epochs are decided based on the performance of
test and train loss curves . The test loss for the performance of neural network is
reported using leave one out cross validation approach meaning during training the
neural network, the data for average movements of all force level for 19 subjects is
used and once the model is trained, the performance is measured using data from
1 subject that has been left out of training. This approach has been repeated for
all the subjects and the average accuracy on test set has found to be 90% . The
graph in figure 5.8 represents the behavior of accuracy and loss value for test and
training dataset for one of the subject. Table 5.1 shows the accuracy results for all
subjects. The subjects with ’0’ represents that they have been correctly classified for
a particular group and subjects having 'x’ corresponding to a particular group shows

that the class is predicted incorrectly. We can predict Group B correctly for all the
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Fig. 5.8. The behavior of accuracy and loss values of NN; for test
and train dataset against number of epochs

subjects except subject no. 6 and also we predict group A correctly 17 out of 20

subjects leading to an overall accuracy of 90%.

5.2.2 Force level classification using D,

After classifying Group A and Group B using NN;, NN, is used to classify the
0% and 50% force exertion level in Group B. This neural network model utilized
all the features extracted from PPG that has been described in section 4.2.2. This
neural network is trained for 175 epochs. The number of epochs are chosen such that
model doesnot ovefit. The technique of early stopping [78] is used here to avoid over-
fitting, reduce variance in the model and generalize model well over unseen data. This

model also uses same approach of ”leave one out” as has been discussed in previous
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Table 5.1.
Table showing prediction results for NNy

Subject ID | 1 | 2 [ 3|4 |5 |6 | 7|89/ 10
GroupA | o|o|o]o|o|o|lo|o]|]o]o

GroupB | oo |o|o|o|x|o|o0o]o0]|oO

Subject ID | 11 | 12 | 13 | 14 | 15| 16 | 17 | 18 | 19 | 20

GroupA |o|o | x| x| x|O0o]O]|O0]|oO0O]|oO

Group B olo|o]o|o]o|o]|]o]o]|o

Table 5.2.
Table showing prediction results for N N,

Subject 1D 112 (34567 8] 9]10
GroupB-0% | oo |o | x| o|x|]o|]o|o]|o

GroupB-50% | o | o | x |o | o | o | x| o] x| o

Subject ID | 11 | 12 |13 | 14 | 15|16 | 17 | 18 | 19 | 20

GroupB-0% | o | o | o | o|o|o|o]o]|o]lo

Group B-50% | o | o | x | x| o | o |o| x| o] oO

subsection. The average accuracy on 20 subjects is 80% for NN,. The behavior of
the accuracy and loss values for testing and training data while training the neural
network is shown in Figure 5.9. Table 5.2 shows the average accuracy results for each
subjects. The subjects with ’0’ represents that they have been correctly classified for
a particular group and subjects having 'x’ corresponding to a particular group shows
that the class is predicted incorrectly. The model can correctly predict 0% force
exertion level for 18 out of 20 subjects and 50% force exertion level for 14 subjects

out of total of 20 leading to an overall accuracy of 80%.
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Table 5.3.
Table showing final prediction results from NN; & NN,

Subject ID 1 2131451678910
0% force exertion 0 0 0 0 ol x| o 0 0 o)
50% forceexertion | o | o | x | x| o] o | x| o | x| o

100% force exertion | o | o | o | o | o | o | o | o | o]l o

Subject ID 11 (1213 |14 1516 | 17 | 18 | 19 | 20
0% force exertion | o [ o | o | o | oo | o] o] o]|o

50% force exertion 0 ol x| x| o 0 ol x| o 0

100% force exertion | o ol x| x| o 0 ol x| o 0

5.2.3 Final Model

The proposed methodology breaks the process of classifying different force exer-
tion levels into two steps and the accuracy results for two scenarios are presented
separately. The overall accuracy of the two models combined is calculated to be
81.7%. The predictions for all the subjects has been combined together from N Ny
and N N, and has been shown in Table 5.3. There were some subjects that had same
facial expression during both 50% and 0% force exertion level experiment and there
was no significant difference between average movement of the 128 landmarks between
these two levels. Hence, it is not advisable to use average movement of the landmark
points as classifying feature between 0% & 50% force exertion level. Therefore, PPG
features were extracted that related the cardiovascular parameters with force exertion
level.

In this work, it was attempted to train one neural network that uses both facial
features and PPG features together and classify three levels of force exertion. The
accuracy result for such neural network was below 70% and the the further reason to

train two different neural networks are given in section 6.2
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5.2.4 Model Robustness

In order to check the robustness of the model that classifies force exertion level,
we collected the data of 7 additional subjects while they were performing different
kind of activity. The videos of the subjects using the same experimental set-up are
captured when they were not performing any sort of force exertion activity, but are
talking. Each subject was asked to speak a paragraph on themselves for 9 seconds for
and their video along with PPG data was recorded during this activity. This activity
is named as "talking”.

Using the same processing technique, D, and Dy set of features are extracted for
all the subjects during talking. The set D; is passed through trained NN; and set
Dy is passed through trained NN, and predictions are made as of what activity level
they belong to.

It is interesting to note that for all the 7 subjects when D, is passed through N Ny,
it always predicts group B for the activity level which means that the algorithm is
able to differentiate between talking and 100% and therefore gives high probability to
group B. When set of features derived from PPG are used as an input to the trained
NN, for 5 out of 7 subjects, the model predicted it to be 0% force exertion level and
for 2 out of 7 subjects, model predicts as if subjects are at their 50% force exertion
level. Note that the data corresponding to talking was not used while training the

network. It is completely unseen data for our two trained neural networks.
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6. DISCUSSION

It has been demonstrated that the techniques of computer vision and machine learn-
ing can predict the pulse rate, pulse rate variability, and force exertion level using
extracted features and provides a novel approach for such estimation. Understand-
ing force exertion levels has important implications across domains and applications,
and in this work, the approach is demonstrated in the context of workplace injuries.
Specifically, varying levels of force and duration/frequency of these forces are pre-
dictive of musculoskeletal injuries. This section provides more discussion on using
machine learning in prediction of force exertion level and provides more insights on

the selected features for the prediction of force exertion level.

6.1 Machine Learning in Classifying Force Levels

The use of machine learning is two-fold in this work. First, the machine learning
is used in DeepFace algorithm for facial recognition that our team further augmented
with increased number of features. Secondly, we use machine learning to generate a
classifier to predict different force exertion levels.

There are various methodologies [66-71,79,80] proposed that can achieve facial
recognition but the methodology proposed in [47] outperforms other methods and re-
sults in the accuracy of 97.35% in Labeled Faces in the Wild (LFW) dataset, reducing
the error in face recognition of current state-of-the-art by more than 27%. The 9 layer
neural network used in Deepface makes it more robust to detect faces in the video
for our study and henceforth extract relevant features from the video frames. These
facial features represent a key component for force classification.

The second use of machine learning is force classification. In this step, we added

additional novelty by leveraging the underlying physiological mechanisms of generat-
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ing muscle forces to improve force classification accuracy. Thus, features from PPG
are included as well and deployed a fully connected neural network to train a model
that can distinguish between different force exertion levels. The neural networks are
known to be universal approximators [81] and hence we use them to identify the
underlying function explaining the relationship between the features and response

variable.

6.2 Facial Features Selection

The average movement of detected facial landmarks along with the cardiovascular
features derived from PPG in different exertion levels have been used to classify the
force exertion levels. The novelty lies in choosing these relevant facial features. As
the person increases her effort level, facial expression tends to change and there are
differences in the average movement of the facial landmarks for different force exertion
level. The identification of these visual cues were drawn for tools and techniques
from the field of human factors. Specifically, ergonomics practitioners are trained
to associate (through observation) cues like ”Substantial Effort with Changed Facial
Expression” with an MVC of 70 % and very strong effort. In contrast, ”Obvious
Effort, But Unchanged Facial Expression” is associated with 40 % MVC and moderate
effort [82]

Figure 6.2 & Figure 6.1 shows how different groups of facial landmarks behave
differently for three different force exertion levels. Figure 6.1 shows the average move-
ment of landmark groups for three randomly picked subjects. It is interesting to note
that landmarks belonging to nose always shows least movement in all the three force
exertion levels. On the other hand, face contour, eyes and cheeks show high average
movements over the entire video. Figure 6.2 generalizes this behavior over all the
subjects and depicts the box plot of each force exertion level for all the 7 groups of
landmarks. The change in the location of the landmarks on the face is explained by

the motion of the muscles beneath the skin of the face. As body changes its actions,



Q\éerage Movement of Landmarks from Their Initial Position

e @ 0% force = M= *50% force =B 100% force

15 T T T T T
e @ 0% force = M= : 50% force === 100% force

R ity , Ko -
Q- '---N...y‘ﬁ__:"_,0.....-....-@‘
0 ' ' | ' '
1 2 3 4 5 6 !

Fig. 6.1. Variation in facial features groups of three randomly chosen
subjects, 1: Contour of a face, 2: Left Eye + Eyebrow, 3: Right Eye
+ Eyebrow, 4: Nose, 5: Lips,6: Left Cheek, 7: Right Cheek



Average Movement

g - T MVC Level T
T 0
7 1 50
[ 100

6 -
5 - T et
4 -
3 T o
2 -
- T L7 o
0 - T T T T T T T

1 2 3 4 5 6 7

Group

Fig. 6.2. Variation in facial features groups of all subjects, 1: Contour
of a face, 2: Left Eye 4+ Eyebrow, 3: Right Eye 4+ Eyebrow, 4: Nose,
5: Lips,6: Left Cheek, 7: Right Cheek

ol



Time interval between T3 & T1

1.4 4 —_

1.2 A

1.0 1

0.8 1

0.6

0% force exertion 50% force exertion

Fig. 6.3. Variation in the time interval between T3 & T1 for all
subjects corresponding to 0% & 50% force exertion level

52



93

it leads to the changes in the facial expression [83] and thus we observe the movement
of landmarks for different force exertion levels. It is further interesting to note that
average movement of landmarks are robust against day to day variations like change
in the lighting around them, presence of make-up on the face etc. as well as robust
for different people belonging to different skin tone. Therefore, choice of such facial
feature leads to high accuracy of our model and make it robust for classifying higher
force exertion level.

As noted previously, changes in facial expressions are observed typically for strong
exertions ( 60-70 % MVC); however, a known musculoskeletal injury mechanism is
continuous and prolonged sub-maximal force exertions. Specifically, although a single
moderate ( 30-50 % MVC) exertion may not lead to immediate injuries, repeated
and prolonged exertions at these levels lead to cumulative trauma disorders. The
key challenge is that facial expressions are more likely to be unchanged during these
exertion levels and therefore average movement of landmarks is not used for classifying
lower level of force exertion i.e., 50% and 0%. Thus, we further distinguished lower
levels of force exertions using cardiovascular parameters of the person which would
be captured from PPG signal. This changing trend can be seen in Figure 4.3 where
the increasing trend of PPG signal is observed for 50% force exertion level and a
stationary signal for 0% force exertion level. Figure 6.3 shows the observed variation
in one of the PPG feature i.e., time interval between T3 and T1 for first four beats, for
0% and 50% force exertion levels. The mean and standard deviation of time interval
between T3 and T1 for 0% effort level is 1.03s and 0.55s respectively where mean and
standard deviation for 50% force exertion level is 0.86 sec and 0.52 sec respectively.
Higher force exertion activity increases the heart rate of the person because of faster
cardiac cycles, hence we see differences in PPG extracted features between 0% & 50%
effort level. Therefore, both average movement and PPG features become important
features in our study.

For our analysis, we utilized cardiovascular features derived from the PPG signal

that had been captured using a contact device placed on the earlobe of the subjects.
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Although this technique requires contact, continued innovation in wearables (e.g.,
fitness watches and activity trackers) has provided many options for collection of
continuous PPG signals without significant cost to employers or usability /workflow
burden to workers. Furthermore, over the last decade, there have been ongoing re-
search in developing methods for estimating PPG signals from the facial videos using
non contact methodology. The authors in [49] provided a technique that extracts PPG
signal from the human facial videos using complimentary metal-oxide semiconductor
camera with the use of external light emitting diodes. Also, the authors of [39,40]
demonstrated that PPG signal can be estimated by just using ambient light as a
source of illumination along with simple digital camera. Further advancements led to
the formulation of more robust methodology that overcomes challenges in extracting
PPG for people having dark skin tones [42]. There are many existing methods that
can be easily used to derive PPG signal directly from the facial videos. Future work
incorporating these techniques have the potential to make this proposed methodology

completely passive and non-contact.

6.3 Non-contact Exposure Assessment

The force exertions has been considered as one of the main contributing factors
in current risk assessment tools [84-86]. The high variability of the identified risk
score with respect to the estimated force exertion parameters is reported in current
assessment tools. For example, the Strain Index Assessment [86] score will double
if the intensity of the exertion changes from 20% to 40% [24]. In addition, [87]
reported weak correlation values between the ergonomists estimates and the worker’s
self-reports for pinch and grip force. The proposed non-contact assessment method
for classifying force levels can provide an objective automated estimations of hand

forces.
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6.4 Prediction of Pulse Rate

The use of machine learning in predicting pulse rate and pulse rate variability from
the facial videos has been successfully demonstrated. The other researchers in the
field have utilized videos of the person and estimate the PPG signal that was utilized
to calculate the PR and PRV, but in this work, instead of predicting PPG signal,
more granualar features of PPG: PR, & PRV have been predicted. In doing so, this
work predicts the average value of PR over the whole video of 50 seconds. It is known
that the PR of the person can change during the interval of 50 seconds, but this work
doesn’t predict the changing trend of the pulse rate over a period of time. However,
the methodology discussed in this work may be used to predict pulse rate for shorter
(such as 5 seconds) videos as well that can give us idea about how individuals pulse
rate is changing over time. This work considered longer videos because predictability
of PRV improves with the length of the video [64]. On the other hand, continuous
prediction of the changing trend of pulse rate over a given time would be an interesting
exercise and would require different approach and modeling scheme such as recurrent

neural networks (RNNs) [88] for such predictions and is not in the scope of this work.
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7. CONCLUSION

The monitoring of health parameters like PR, PRV, and exertion level is important
to keep check on individual’s health and spot the potential cardiovascular diseases
and musculoskeletal injuries. Recently, the use of non-contact method such as using
camera videos is preferred over contact methods like pulse oximeters and observa-
tional methods for such measurement. In this work, a computer vision and machine
learning technique is leveraged to predict pulse rate, LF & HF component of pulse
rate variability, and force exertion level. The physiological parameters are remotely
predicted using the video of human face captured using a laptop’s camera. The subtle
changes in the face pixels intensity over the different frames of the video are exploited
to train a neural network with three hidden layers. Because computer vision is not in-
trusive to the workers and can be done without the need for specialize equipment, this
technique will provide workplaces a transformative tool for ensuring on-the-job car-
diovascular problems and force requirements (effort level and duration at these levels)
do not contribute to workplace injuries. Experimental evaluations are performed for
twenty subjects, and the proposed approach demonstrates significant improvement
as compared to the baselines thus validating that the approach has the potential to
be applied in real scenarios. Although current work accurately classifies three force
exertion levels, work is ongoing to expand this technique to other exertion levels to

better meet the varying needs of different workplaces.
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