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Abstract

Non-contact monitoring of vitals is a growing field with numerous applications in
monitoring neonates and adults alike. Previous research have already tried to monitor the
vitals of the subject ranging from heart rate, breath rate, blood pressure etc using both
RGB and Thermal imaging. As neonates have sensitive skin, some of the bulky apparatus
used for monitoring their vitals have a lot of wires and have to be attached to the neonates
using adhesive electrodes that can cause harm and inconvenience them. This project
aims to explore the possibility of monitoring the vitals of the neonate remotely and
without placing any sensors or electrodes on the subjects body. Due to the COVID-19
pandemic, the research had to be tested on adults instead of neonates due to health
concerns. For analyzing the breath rate remotely in thermal imaging, almost all research
have looked at either monitoring the thermal activity of the nose or the movement of the
chest during the breathing cycles. For heart rate monitoring, remote
photoplethysmography (rPPG) is a commonly used method to monitor the subject’s heart
rate remotely; using both RGB and thermal imaging. In this research, thermal imaging will
be used to further explore the possibilities of monitoring heart and breath rates of the
subject by looking further into understanding the behaviours of different regions of
interest(ROI) in the frequency domain. Exploring different spectral analysis methods that
are used to monitor the signal’s frequency components have also been explored. Part of
the research involving temperature noise compensation and the ROI tracking algorithm
were done in cooperation with Erik Wirianto of TU Delft with his project "Predicting
Infections in Preterm Infants with Thermal Imaging Technology".
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Introduction

1.1. Research Goal

The goal of this project is to implement contactless monitoring of respiration and heart rate using thermal
imaging. This project aims at removing many sensors placed on the patients/neonates which could make
them uncomfortable and cause skin damage in some situations.

Implementation involves getting accurate readings from the Infrared(IR) camera; FLIR SC305 was used for
this project.The acquired data is filtered and processing to get the respective vitals; heart rate and respiration
rate. Other associated programs like noise compensation and object detection with motion tracking will also
be implemented for this project.

The research questions for this project are;

* How to continuously monitor the heart rate and the respiration rate of a neonate inside an incubator
using non-contact thermal imaging ?

e Ifit is possible to monitor vitals of the neonate inside the incubator irrespective of the position he/she
is in or the ROI that is being monitored ?

* Isit possible to acquire both heart and respiration rate simultaneously using the same method or algo-
rithm?

1.2. Preterm Neonatal Care

The gestational age; which is the duration of a pregnancy, lasts about 37 to 42 weeks before delivering the
child. However not all cases of deliveries happen in that specified duration. Children born before 37 weeks
are called premature neonates|1]. It's because the child did not have time to fully develop within the moth-
ers womb and was delivered earlier because of certain complications. Because of these unfortunate circum-
stances, a premature neonate is generally much smaller and lighter than a full term neonate. Their body is
around 25-40 cm in length and 500-3000 g in weight, unlike the full-term neonates who are 50 cm in length
and 3000+ g in weigh. On top of that, premature infants are also at greater risk for developing cerebral palsy,
hearing problems etc. The earlier a baby is born, the greater these risks will be. Fortunately, at least 75% of
preterm infants would survive with appropriate treatment. This makes providing the best care to neonates a
top priority as this could provide the child hope to leading a long and healthy life.

Unfortunately, the current monitoring methods for neonates are not entirely safe for its well being and com-
fort. The sticky electrodes, shown in Figure 1.1, are used to measure the vitals of the baby but they can also
cause skin irritations and skin lesions when being pulled off. Even if the electrodes are minimally adhesive,
the electrodes can fall off and/or raise many false alarms. On top of that, this will also make the child feel very
uncomfortable, who without the ability to express its pain goes though the anguish silently.
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Figure 1.1: Premature Baby in an Incubator with sticky electrodes [1]

There could be improvements made to the incubator to have non-contact monitoring of vitals to reduce the
discomfort of having the stick-on sensors while still effectively getting the readings for vitals. One method
would be to use Thermal Imaging using Infra-Red(IR) cameras to monitor the Heart and Breathing of the
child. This project focuses on researching and implementing the non-contact way to implementing the Res-
piration and Pulse Monitoring system using IR cameras.

1.2.1. Respiration and Pulse Monitoring

There are several techniques to monitor the vitals but the most common method and the gold standard
for monitoring respiration is Transthoracic Impedance Plethysmography (TTI)[1]. An alternating current is
passed between two electrodes that are placed on the chest. The changes in the chest volume and its compo-
sition caused by respiration changes the pattern of the current, from which respiration rate can be derived.
The common method to get the pulse rate is Electrocardiography which also involves placing electrodes on
the chest. As mentioned earlier, it is not convenient for the baby to put electrodes on it, because of the sensi-
tive skin and not enough chest area for strong readings.

From [1], the average respiration frequency for a neonate baby is estimated at 40-60 times a minute. The
neonatal heart rate is approximately 120-180 beats per minute. Occasionally, monitoring the respiration rate
in neonates is challenging because of their irregular nature. It is because of their irregular nature. Apart from
irregular breathing, neonates sometimes experience breathing pauses. When these pauses last longer than
10-15s, they are called apnea periods and require intervention.

Heart rate is also the most important indicator to evaluate the clinical status of a newborn[10]. Newborns
may also require resuscitation at birth. Inaccurate pulse rate during resuscitation may lead to early neonatal
mortality and also cause moderate to severe brain injury in those who survive it. Therefore, it is imperative to
perform fast and accurate heart rate measurement for neonatal resuscitation.

As the long-term health and development of the premature baby depends on the care provided in the incu-
bator, it is imperative to provide it with the necessary support. For that, a viable and non-contact monitoring
system would be a good start to realizing that.



Technical Background and Research

2.1. Thermal Imaging

Thermal imaging is an imaging technique detecting infrared radiation, usually in the long-infrared range (9-
14 um), and producing image of the radiation. Human body emits significant radiations of wavelength in
range 4 to 30 um, with peak at 9 pm [22], which is suitable for the thermal imaging. Thermal imaging has
been used in the medical scene more than 50 years, first used to find breast cancer in women. Compared to
X-ray, computed tomography (CT), and mammography, thermal imaging is not harmful as it does not emit
any radiation. It is a real time non-contact measurement method, like a normal camera. From the image of
the radiation, we can see the difference of temperature between one object and the other, and also determine
the temperature of the object, even though the accuracy of the measurement depends on a lot of variable. In
case of thermal imaging on preterm infants, incubator environment is also affecting the measurement [14].
The hood of the incubator is generally made out of polymethyl methacrylate (PMMA) (also known as acrylic
or plexiglass) or polycarbonate. Unfortunately, these materials are very poor for infrared wave transmission,
so thermal imaging cannot look through these materials [23].

2.1.1. Thermal Radiation

Infra-red cameras usually detect these radiations in the long-infrared range of the EM spectrum, which is
roughly 9-14 um. The images produced by reading these IR radiations are called thermograms; which show
how the heat from a body is being emitted. With increase in temperature, the amount of thermal energy
emitted also increases; making it easier to detect temperature variations.The total thermal energy emitted by
a surface of a black body for a given area is given as[2]:

P=0gAT* 2.1)

where o = 5.670373x10~8[Wm~2K~*] also called Stefan-Boltzmann constant, A is area of the radiating sur-
face and T is the temperature of the object in Kelvin(°K)[2]. However, each non-black body has a factor
known as Emissivity(e) which denote the spectral absorption component of a body. Emissivity is the ratio of
the thermal radiation from a surface to the radiation from an ideal black surface at the same temperature as
given by the equation 2.1. This shows the effectiveness of a body to emit as thermal radiation. For an ideal
black body, € = 1 but for the rest of the objects, it falls in the range 0 < € < 1. This transform equation 2.1 to :

P=o0ecAT* (2.2)

As mentioned in [4], the emissivity of human skin is around 0.97 < € < 0.98 for range of 2-14 ym , there will be
a very small amount of thermal reflection from the surrounding. This understanding will provide us a more
accurate way of measuring the baby’s temperature using IR cameras. Apart from emissivity, there are many
other factors that effect the accuracy of the temperature reading from IR camera.
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Figure 2.1: Thermal measurement of neonate inside incubator with infrared camera. Adapted from 'Neonatal infrared thermography
imaging: Analysis of heat flux during different clinical scenarios,’ by Abbas, A. K. et al, 2012, Infrared Physics & Technology, 55(6), 538-548.

2.1.2. Thermal Measurement Model

A generalized model of thermal measurement of neonate inside an incubator is shown in the figure 2.1. There
are 6 sources of radiation detected by the camera, (1) infrared window, (2) atmosphere outside the incubator,
(3) atmosphere inside the incubator, (4) the actual neonate that is being measured, (5) reflection of ambient
object inside incubator, and (6) reflection of ambient object outside incubator. The infrared window can be
an infrared transparent foil. If the measurement setup does not use window (open hole), sources number 1
and 6 can be disregarded.

An equation can be derived from the model as:

Topj (A —€obj) Tambr (1 =6arm1) - Tarmi €w Ty
Tdetector = + +
€obj “Garm1*Ow-Oarmz €obj €obj “Oarm €obj “Garm1 - Ow 2.3)
Rw - Tamp (1- 5atm1) “Tarmz '

€obj “Oatmz 0w €obj “Oarm1 0w Oarm2

where variable T, €, §, and R are temperature, emissivity, transmittance, and reflectance respectively, with de-
scription detector means the infrared camera, obj means object measured, ambl and amb2 mean ambient
object inside and outside the incubator, atml and atm2 mean atmosphere inside and outside incubator, and
w means infrared window.

If there is no infrared window, we can segment the total radiation received by the camera as radiation from
actual object measured, reflective radiation from other objects around the object measured, and radiation of
the atmosphere between object and infrared camera. The equation then, can be modified to:

Topj n (L—€opj) " Tamp1 " A=batm1) Tarm1  (1=b8atm1) Tarmz
€obj Oarm1 0w Oarmz €obj €obj Oarmi €obj Oarm1 - Oarmz

Tdetector = (2.4)

Object Measured Radiation

The radiation coming from the object measured is the specific radiation we want to measure to determine the
temperature of the object, in this case the neonate. However, the radiation will go through the atmosphere
and infrared window (if there is any), which will attenuate the radiation. if not compensated, the infrared
camera will underestimate the temperature of the object. The compensation is shown in the formula as
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dividing the object temperature with transmittance of atmosphere and infrared window. Lower transmittance
can be caused by the window or particles in the atmosphere.

Reflective Radiation

In the infrared wavelength, neonate is not a black body, which means the neonate is reflecting some radia-
tion from objects around it. This reflectivity depends on the emissivity of the object, in this case emissivity
of neonate is 0.97-0.98 [25, 26]. High emissivity means that almost all radiation is coming from the actual
object, hence more accurate approximation of the temperature. Even so, 2-3% of the radiation is still coming
from the temperature of objects around the neonate. This yields small measurement error and needs to be
compensated. The compensation in the formula is in the T,,,;; part of the equation.

Atmospheric Radiation

Particles in the atmosphere can attenuate infrared radiation as we know in air transmittance, however, these
particles also radiate heat because of their temperature, causing additional incoming radiation to the camera.
Hence, in the equation, we see the atmospheric temperature contribution to the total radiation.

2.1.3. Total Measurement Error

Temperature measurement of infrared camera would have error measurement which can be caused by error
of method, calibration error, and electronic path error. In real condition, error of method is coming from in-
correct evaluation of object emissivity, ambient temperature, atmospheric temperature, relative atmospheric
humidity, distance from camera to object, and atmospheric transmission and radiance [29]. There is also
contribution of detector noise in the camera.

Based on the general model from figure 2.1, error simulation from Infrared Thermography : Errors and Uncer-
tainties (Minkina & Dudzik, 2009), and experiment, the total measurement error budget for a thermal imaging
measurement on neonate inside an incubator can be summarized in equation:

A Tatmosphere
8.8K

ATambient

x22x1073T,,: +
8.8K obj

Ae -4
Terror =———— x0.01T,pj + x5x10 " Topj+

0.245
(2.5)

Aw
x3x1074 Topj+ oo x3x 1074 Topj + camera thermal noise+
0

30m
thermal lens error + calibration and electronic path error

where Terror is the total temperature error of the measurement, T, is the actual temperature of the object,
€ is emissivity of the object, Typien: is the temperature of objects around the measured object, Tyrmosphere
is the atmospheric temperature, d is distance of object from camera, and w is relative humidity of the envi-
ronment.

2.2, Optical Flow

Optical flow is the method of movement estimation of objects or other feature points like edges,surfaces etc in
avideo source caused by relative motion between the observer and the observed region[41, 42]. This means
that optical flow is the apparent motion of individual pixels on the image frame. Methods that compute
optical flow assume that the color intensity of a pixel is invariant under the displacement from one video
frame to the next[41, 42]. This means that optical flow can be expressed as[41, 42] 2.6

I(x,y,t) = I(x+dx, y+dy, t+dt) (2.6)

where I(x,y,t) is the pixel intensity of a point(x,y) on a frame at a given time(t). Assuming that the movement
of the pixels is small between frames, equation 2.6 can be approximated using Taylor series as

oI ol oI
Ix+dx,y+dyt+dt) = I1(x,y1) + adx + a—yay + Eat + .. 2.7)

o1 o1, oI
> Lo+ Loy Lor=o 2.8
R (2.8)
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Dividing equation 2.8 w.r.t. d¢ can be approximated to

ol ol oI
= —u =

— — =0 2.9
ax" "oy o (2.9)

where u = % and v = g—{, giving us the relative speed of the pixel intensity along each axis. %, g—){ and %

are the frame’s gradients along their respective axes. This gives a good approximation of movement and/or
direction of an object from an observer’s point of view without using object detection. However, u and v are
unknown variables and as they are part of only one equation, they cannot be solved. This is called as aperture
problem(41, 42] for optical flow algorithms and there are motion estimation or flow approximation algorithms
used along with optical flow to solve this problem.

There are two different types of optical flow algorithms; sparse and dense optical flow. Sparse optical flow
calculates the flow vectors of special features like edges or user selected feature points on a frame. It will be
tracking the pixel intensity of the selected points on the frame. It is not always accurate but fast and easy
to compute. For e.g. Lucas-Kanade method, the Horn-Schunck method, the Buxton-Buxton method etc.
Dense optical flow gives the flow vectors of the entire frame i.e. all pixels are given a flow vector. Despite of
having higher accuracy, it is slow and computationally expensive. One example of dense optical flow is the
Gunnar Farneback algorithm.

2.2.1. Gunnar Farneback Optical Flow Algorithm

Gunnar Farneback Algorithm[40] is a dense optical flow algorithm that uses polynomial expansion to ap-
proximate the neighborhood of each pixel. It estimates the motion, or displacement, field from only two
frames and tries to compensate for the background motion. A local signal model can be expressed in a local
coordinate system as[40],

filx) = xTAlx + blTx +0 (2.10)

where A; is a symmetric matrix, b; a vector and c; a scalar.They are the global approximation coefficients of
an image. Lets construct a new signal f> by a global displacement by d

L= d=x DTAKX d+blx d+a (2.11)
=xTAix+ by 2Ad) x+ (d"Ayd bld)+ ¢ (2.12)

= xTAgx + ng + c (2.13)

=> A=A  by=(b 2A1d) = Ad bld) +c) (2.14)

Looking at equation 2.14, it is possible to solve for d; given A; is non-singular
1
2Ad = (b, b)) => d= EA;l(bz by) (2.15)

Ideally from equation 2.14 A; = A; but in real applications, the average of the two is used for a good ap-
proximation. Instead of taking the global coefficients, A;(x), by (x) & ¢1 (x) would be the local approximation
coefficients. This gives the following equations,

Ab(x) = (b2(x)  b1(x) (2.17)

This can be expressed as,
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A(x)d(x) = Ab(x) (2.18)

where d(x) indicates the local displacement field of each coordinate, giving a spatially varying displacement
field. This is done assuming that the local polynomials at the same coordinates in the two frames are identical
except for a certain displacement. Since the local models of these polynomial expansions will vary spatially,
it introduces errors in the constraints in equation [40]2.18. However, for small displacements this is not too
serious, but with larger displacements the problem increases. This can be solved if we have a priori knowledge
about the displacement field i.e. we can compare the polynomial at x in the first signal to the polynomial at
x+d(x)in the second signal, where d(x) is the a priori displacement field rounded to integer values. Then the
relative displacement can be estimated between the real value and the rounded a priori estimate, giving the
following equations,

T=x+dx (2.19)
Ax) = w (2.20)
Ab(x) = (b2(X) b1(x)) + Ax)d(x) (2.21)

2.2.2. Image Pyramid

In order to filter out the small amplitude noise, optical flow also performs scaling down the image or frame in
lower resolutions to only respond to the major changes, as shown in fig.2.2. The process of scaling an image
to lower resolutions while parallelly considering the original resolution is called pyramid scaling. A scaling
factor(<=1) decides the fraction by which the image resolution is reduced i.e. for 0.5 scaling factor, resolution
of the image halves at every level or layer. The number of layers decide on the level to which the scaling will
be performed.

Figure 2.2: Pyramid Scaling for Optical Flow

2.3. Feature Point Detection and Matching

2.3.1. Image Feature Detectors and Descriptors

In order to compare similarities or correspondences between multiple images, it is required to isolate a set
of distinct features between these images in order to be able to classify and compare them. Feature point
detection is a low-level image processing operation which means that it is usually the first operation on an
image that examines every pixel to see if there is a features present; like edges and corners or smooth regions
with similar features called blobs and ridges.There are two types of image features can be extracted form an
image, as mentioned in [35];
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* Global Features: These try to describe an image as a whole and can classify the property of all the
pixels in the image; like colour histogram, texture etc into one multi-dimensional feature vector. This
can be used to find images of similar nature. However, these cannot distinguish between background
and foreground.

* Local Features : The image is represented based on its local structures or interest regions and some
of its salient features. This includes a set of local feature descriptors/vectors that are affine and scale
invariant. They are better suited for finding other occurrences of the similar objects or region of pixels
in the images.

These relevant features points or keypoints are then converted into an affine, orientation and scale invariant
feature vector representation for the image data around the detected features; providing feature descriptors.
These descriptors are later used to match the similarities between different images. The purpose of local
invariant features is to provide a representation that can efficiently match then with another image despite
there being shifting, scale or orientation changes. In order to detect feature points invariant of scale, affine or
orientation changes for the interest regions between images, there are methods that use a continuous filter
kernel to check for distribution or gradient or looking for a maximally stable region around the detected fea-
ture points; as mentioned in [36]. Area around each keypoint that is considered for the descriptor is usually
taken in a circular or elliptical pattern.

In order to make sure that the feature point detectors and descriptors work efficiently, the following proper-
ties, mentioned in [35] need to be satisfied;

¢ Robustness: to be able to detect the same feature points irrespective of shifting, rotation or noises.

¢ Repeatability: to be able to detect the same features of the same interest region repeatedly under
different viewing conditions.

¢ Accuracy: to accurately localize the same image features in different images; especially for image
matching tasks.

¢ Generality: to be able to detect features that can be used in different applications.

* Efficiency: to be able to detect features in images fast enough to support real-time applications.

* Quantity: to be able to detect all or most of the features in the image.

Some of the examples of commonly used image feature descriptor algorithms are;
1. Scale Invariant Feature Transform (SIFT): This algorithm consists of four steps, as mentioned in [37];

(a) Estimate a scale space extrema using the Difference of Gaussian (DoG).
(b) Keypoints are localized and refined by removing the low contrast points.
(c) Orientation is estimated based on local image gradient.

(d) Generate descriptors for each feature point of image based on image gradient and the estimated
orientation.

It is useful for cases like image rotation, affine transformations, intensity or perspective change.

2. Gradient Location-Orientation Histogram (GLOH): It is very similar to the SIFT descriptor, but uses log-
polar coordinates for keypoints instead and then tries to reduce the size of the descriptor;as mentioned
in [36].

3. Speeded-Up Robust Features Descriptor (SURF): According to [37], it is as an alternative to SIFT; but
much faster and more robust. The steps for this algorithm are;

(a) Instead of DOG averaging, squares are used for localizing keypoints since it is less complex and
much faster.

(b) Uses a scale invariant blob detector around the detect a stable neighbourhood of pixels around
the keypoints.
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(c) Wavelet response for each of the keypoints’ regions is taken in both horizontal and vertical direc-
tions and their responses are used for the feature point descriptors.

This also allows the detector to be parallelly run on different image scales, making it capable of much
faster performance.

4. Binary Robust Independent Elementary Features (BRIEF): This algorithm performs simple binary com-
parison test and uses hamming distance for comparison tests; as mentioned in [35]. This means that
the algorithm compares the pixel intensity around the detected feature points which gives sufficient
information and provides with binary feature descriptors, which is faster and more efficient. The de-
scriptors are then matched based on the hamming distance between them. This algorithm relies on a
relatively small number of tests to represent an interest region as a binary string and also tends to yield
higher recognition rates, provided there are no large in-plane rotations.

5. Features from Accelerated Segment Test (FAST): It uses corner detection method to extract the feature
points and is very suitable for real-time applications because of its higher speed; as mentioned in [35].
The steps for this algorithm are;

(a) Selectinterest points across the image and take 16 pixels surrounding each of these points under
consideration; pixels that would lie on the path of a circle with radius of 3 pixels drawn from each
feature point.

(b) In the 16-point set for each interest point, check if there are a set of continuous pixels that are
either brighter or darker that the pixel intensity of the feature points by a set threshold value.

(c) Only if the condition is satisfied, the interest point is taken as a corner. This process is iterated
over all interest points or for all pixels in the image.

(d) The performance of this algorithm depends on the threshold value and the limit for minimum
number of continuous pixels that need to be considered for the corner test; usually around 12.

This process however has some disadvantages;
¢ The algorithm does not work if the limit for minimum continuous pixels is less than 12.
¢ The order of testing the 16 neighbouring pixels also determines the speed of the algorithm.
¢ It does not have any orientation component or detects scaling.

6. Oriented FAST and Rotated BRIEF (ORB): 1t is a fusion of the FAST key point detector and BRIEF de-
scriptor; both these algorithms contribute to ORB’s computational speed and efficiency; as mentioned
in [34]. The steps for this algorithm are;

(a) Initially to determine the key points, it uses the FAST algorithm. Since FAST does not have any
orientation or scaling features, ORB creates a scaled image pyramid; similar to the one in fig.2.2,
where it contains the down sampled versions of the same image and the FAST algorithm is run on
every level. This makes the detected key points scale invariant.

(b) Orientation is assigned based on the levels of pixel intensity change around the key points.In ORB
itis done by using intensity centroid where it is assumed that a corner’s intensity is offset from its
center, and the vector between the two points may be used to impute an orientation. For this, the
moments of a patch is calculated; which is defined as,

Mpg =Y xPy1(x,y) 2.22)
XYy

where (p+q) is the order of the moment of the patch or a defined neighbourhood of pixels around
the key point; pixel coordinates (x,y) and I(x,y) being the respective pixel intensity. With these
moments, we can find the intensity centroid is calculated as;

mio Moy

C = ( )
Moo Moo

(2.23)
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This can be used to construct the vector from the centre of the keypoint to the intensity centroid;
giving the orientation of the patch as,

0 = atan2(mg1, mo) (2.24)
This can be used to rotate the patch and compute the descriptor with rotation invariance.

BRIEF takes all keypoints found in the previous step and converts it into a binary feature vec-
tor of around 128-512 bits string so that together they can represent an object. Then, the image
is smoothed by using a Gaussian filter to remove any high frequency noises. After the image is
smoothed, a patch p is taken and a binary test 7 is performed; which is defined as,

1 1 px) < py)
o 2.25
(p; X, ) {0 1 px) = py) -

where p(x) is the intensity of point x in the patch p; both x and y are points inside the same patch.
The feature point is defined as a vector of n binary tests:

) = Y 20 V7(px,y) (2.26)

1<i<n

As the performance of BRIEF falls off sharply for in-plane rotation of more than a few degrees, ORB
uses another method to steer BRIEF according to the orientation of the keypoints. For a feature
point with n tests and key point coordinate (x;, ¥;), a 2 x n matrix is defined as;

S = {xl,xz, ...... XnY1, V2, e Vn (2.27)

With the patch orientation 6 and its corresponding rotation matrix Ry, the steered version of the
S matrix; namely Sy is defined as;
Sg = RgS (2.28)

Now the steered BRIEF operator can be written as;
gn(p,0) = fu(p)|(xi,y:1) € Sp (2.29)

Using equation 2.29, a lookup table of pre-computed BRIEF patterns is generated with an angle
increment of 27/30(12°). As long as the keypoint orientation angle 6 is consistent, the respective
SO can be used to compute its descriptor.

ORB algorithm specifies the rotated BRIEF algorithm with the following steps:

i. Run the test equation2.26 against all available patches.

ii. Order the results of the tests by their hamming distance from a mean value of 0.5,resulting in
the vector T.

iii. A greedy search is performed on all the values in vector T:
A. Remove the first test from T into the result vector R.

B. Remove the next test from T and compare it against all tests in R. The test is discarded if
its absolute correlation is greater than a previously set threshold value. If not, then the
testadd to R.

C. Repeat the process until there are 256 tests in R. If there are no more tests in T and there
are fewer than 256 tests in R, raise the threshold value and repeat the process.

2.3.2. Feature Matching

Once the features and their descriptors have been created from multiple images, they need to be matched in
order to look for similarities between the images. In order to achieve that, a matcher is used in combination
with the feature point detector to use the information provided by the descriptors and match the interest re-
gions from the query image to the others.

The feature matchers commonly used along with the feature descriptors are;
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1. Brute-Force (BF): This algorithm compares each feature point from the first image to every other fea-
ture point on the other image by calculating distance between the feature points; as mentioned in [35].
As the feature points are multi-dimensional vectors describing the aspects of their respective images,
the Euclidean distance calculated between them is calculated. However if the descriptors are binary
in nature like BRIEE then the Hamming between them is calculated. After that, the points are sorted
in ascending order based on distance. A match between two feature points is viable only when both
points are the best matches for each other. This means that for any feature point p in the first image
and feature point g in the second, p and q are a valid match with each other when g has the shortest
distance with p of all points in the first image and p has the shortest distance with g of all points in the
second image.

2. Fast Library for Approximate Nearest Neighbors (FLANN): This algorithm is optimized to be much
faster that Brute-Force matcher; as mentioned in [38]. Instead of looking for the best match like the BF
matcher, FLANN only finds a nearest neighbor. It builds a k-d tree of the feature points that will be used
to search for an approximate neighbour. A k-d tree is a binary search tree, where each node of the tree
is a k;;, dimensional vector. This means that the matches provided by FLANN are fast but less accurate
as compared to BF matcher.

BF matcher will provide accurate results but it will perform an exhaustive search comparing every feature
point between the images, making is slow for large number of feature points. FLANN is much faster than BF
but with a trade-off in accuracy. For data sets much larger than 1000 feature points, it would be more efficient
to use FLANN as a matcher. Otherwise. BF matcher is a better approach.

2.4. TCP/IP Communication

Transmission Control Protocol/Internet Protocol(TCP/IP) is a reliable, heavy-weight and ordered commu-
nication protocol used to connect devices over an IP network, as mentioned in [39]; it consists of a large
overhead/header of around 20-80 bytes; but most implementations have 40 bytes header. It is a connection-
oriented protocol, which means that a connection needs to be established between the communicating de-
vices i.e. the client and the server before transmitting data and should close after transmitting. In order to
establish a connection, TCP/IP performs a three-way handshake[39]. The server is passive open; looking for
connection requests from clients if not already established. When a connection is formed between a client to
a server;

1. The client first sends a synchronize (SYN) bit set to the server requesting to start communication and
what sequence number the client will use for its segments.

2. The server then responds to the client’s request with SYN and the acknowledge (ACK) signal set, ac-
knowledging the message from the client and informing it’s own sequence number it will be using to
the client.

3. The client finally sends another ACK bit set to acknowledge the server’s segment and then the data
transfer process begins.

The TCP/IP model consists of four layers[39];

* Application Layer : It's responsible for implementing the communication part of the program. It in-
cludes node-to-node communication, synchronizing, user-interface specifications etc. Some of the
protocols present in this layer are: Hypertext Transfer Protocol(HTTP), File Transfer Protocol(FTP), Se-
cure Shell(SSH) etc.

» Transport Layer : It is responsible for the reliability of the link over the network and maintaining it
through methods like flow control,correction of data, multiplexing etc.

¢ Internet Layer : It is responsible for dealing with the packets and providing a functional method for
transferring packets by connecting to independent networks for data transfer.

* Network Access Layer : It is responsible for determining how the data should be sent physically be-
tween devices over the same network. It is the lowest layer in the model.

The structure in fig.2.3 shows the format used for a TCP/IP message segment. It consists of around five or
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six 32 bits / 4 bytes long words of header, but the Options and Padding in the header can go upto 40 bytes
depending on the connection parameters. As mentioned earlier, the commonly used size of the header is
around 40 bytes; with Options and Padding around 20 bytes. The checksum in each header segment is used
by the server to verify that the data is undamaged. If the data received is undamaged, the server sends a
positive acknowledgment back to the client confirming a successful transfer. If the data is damaged, the
server discards it and after a timeout period, the client will transmits the same data again until it receives the
positive acknowledgment.

A
—w ¥

"

0 4 2 ] 0 4 8
1 Source Port ‘ Destination Port A
T _1 Sequence Number T
5 : Acknowledgment Number 5
= ofet | Resened | flag Window £
_5 (Checksum Urgent Pointer
_5 Options Padding

data begins here ...

Figure 2.3: TCP/IP Segment Format[39]

With 40 bytes header, it is important to reduce overhead, it is the ratio between the header size to the message
size. The maximum segment size (MSS) for a TCP/IP is the largest amount of data that the protocol can
transport over the network; it is usually around 1460 bytes. Payload size larger than that is either discarded or
segmented into multiple TCP segments. If the data payload is fragmented into multiple segments, then each
segment gets its own header which adds extra 40 bytes for each segment.

Overhead(%) = 100 * INT[(Payload Size! MSS) + 1] * (Header Size) | Payload Size (2.30)

The overhead that constitutes the message packets after segmentation is mentioned in equation 2.30; which
is only valid if the payload is not an integral multiple of the MSS. If the payload size is an integral multiple of
the MSS, then it achieves the lowest possible overhead depending on the header size and the MSS.

Lowest Overhead Possible(%) = 100 * Header Size| MSS (2.31)

For a header size of 40 bytes and MSS of 1460 bytes, the lowest overhead that can be achieved is 2.7397%.
As seen in fig.2.4; for the formerly mentioned parameters, the overhead forms a saw-tooth shaped function
where it dips to 2.7397% when the package size is an integral multiple of MSS(1460 bytes). This is why it is
preferable to have a payload size

2.5. Monitoring Breathing Activity

There have been many methods of monitoring respiration rate in both humans and animals. However,
there are many contact-based respiration monitoring methods; classified based on the input they depend
on are[50],

* Respiratory Airflow : Sensors are used for measuring the volume and/or the velocity of the inhaled and
exhaled air during breathing. They are generally placed near the nostrils[50]. The sensors used are;

1. Differential Flowmeters
2. Turbine Flowmeters

3. Hot Wire Anemometers
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Figure 2.4: Overhead(%) for different message size

4. Fiber-Optic Based Flowmeters

* Respiratory Sounds : During breathing, sound is generated by the air flowing through the patient’s
throat and airways. It is collected to investigate the inspiration and expiration phases of breathing. So, a
microphone is placed near the throat region or the nostrils to record sound changes during respiration[50].

¢ Air Temperature : During breathing, the exhaled air is warmer than the inhaled air with difference
between them reaching approximately 15°C. Therefore, different temperature sensors allow estimating
respiration rate, depending on the temperature difference between exhaled and inhaled air. They are
also placed near the nostrils[50].

1. Thermistors: The resistive thermometer or thermistor is a type of resistor whose resistance is de-
pendent on temperature.

2. Thermocouples: The sensor exploits the Seeback effect to measures the heat difference due to
exhalation around the nostrils.

3. Pyroelectric Sensors:This sensor generates a current which is proportional to the rate of tempera-
ture change.

4. Fiber-Optic Sensors: The sensor measures wavelength shift that has a linear response with tem-
perature changes.

¢ Air Humidity : The inhaled and exhaled air have different water vapor content. Therefore, these sen-
sors are placed near the nostrils to estimate the respiratory signal from the difference of water vapor
contents between inhaled and exhaled air[50].

1. Capacitive Sensors: These sensors depend on the change in capacitance between the electrodes
which happens because of the change in the dielectric medium between them.

2. Resistive Sensors: These sensors provide RH estimation based on the electrical impedance change
with humidity.

3. Nanocrystals and Nanoparticles Sensors: Humidity monitoring with fabricated nanocrystals, nanopar-
ticles and graphene-based nanocomposites is efficient because of the high ratio between exchange
surface and volume.

4. Fiber-Optic Sensors: The coatings of the optic sensors are made of hygroscopic materials that ab-
sorb or exude environmental water vapor depending on humdity changes.
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* Air Components: During breathing, the oxygen and carbon dioxide levels differs between the inhaled
and exhaled air with a difference of around 6% increase in CO, during exhalation. Sensors near the
nose region measure this increase in CO, to monitor the breathing cycles. These kind of sensors use
masks or ventilators to direct the exhaled gas to the sensor implanted on the mask[50].

1. Infrared Sensors
2. Fiber-Optic Sensors

¢ Chest Wall Movement Analysis: Breathing is made possible by the work of the respiratory muscles,
with the diaphragm playing a major role during inspiration. The diaphragm’s expansion and contrac-
tion produces pressure difference causing air to enter and leave the lungs. This causes movement in
the chest because of the expansion and contraction of the chest cavity during respiration. Therefore,
sensors are used to either measure the change in strain around the chest or the movement of the chest
during respiration[50].

Strain Sensors: These sensors use the deformations of the chest wall for an indirect measurement of
respiratory activity. Sensors are placed around the chest to measure the chest movement[50].

1. Resistive Sensors: The sensors change their shape in strain which in turn causes them to change
their resistance.

2. Capacitive Sensors: The change in capacitance between electrodes placed in the front and back of
the chest is monitored to observe the respiration cycles.

3. Inductive Sensors: Breathing in/out produces variations in the self-inductance of the coil around
the chest, causing a change in the oscillator’s frequency.

4. Fiber-Optic Sensors: The change in chest cavity during respiration will cause strain, leading to
change in wavelength it will reflect, providing details of the chest position during respiration.

Transthoracic Impedance Sensors: The relationship between the change in the impedance of the chest
during respiration and the respiratory volume is approximately linear. There is an increment of the
electrical impedance during inspiration because of the increase in chest size and decrease in conduc-
tivity because of the air in the chest. This allows the monitoring of the respiratory activities, including
the volume of inhaled and exhaled air. This method also happens to be the gold standard for measuring
respiratory rate[50]. Movement Sensors: Movement sensors are placed on the chest wall of the subject
so that they can follow the chest movement during respiration. This includes placing accelerometers,
gyroscopes and magnetometers around the chest region[50].

1. Accelerations Sensors (Accelerometers): An accelerometer converts mechanical motion into an
electrical signal.

2. Angular Velocities Sensors (Gyroscopes): A gyroscope provides the angular velocity of the frame it’s
placed on.

3. Magnetic Field Sensors (Magnetometers): The magnetic vector of the sensor rotates due to the
chest movement during the breathing activity changing magnetic vector components.

* Modulation of Cardiac Activity: Respiration has a low frequency effect on cardiac activity. With appro-
priate filters, it is possible to filter out respiratory rate from the same signal used to monitor the heart.
It means that respiratory activity can be monitored indirectly by monitoring the cardiac activity. The
commonly used methods capable of this are Electrocardiography(ECG) and Photoplethysmography(PPG)[50].
Photoplethysmography (PPG): It is a non-invasive method of detecting the changes in blood volume
of the micro-vessels under the skin. During respiration and cardiac activity, there will be changes in the
light absorption between the blood vessels and tissues. By monitoring the change in absorption and
using appropriate filters, it is possible to extract both respiration and heart rate simultaneously. Optical
sensors are placed on the skin with higher vascular density to detect the difference in light absorption
more easily[8, 50].

However, there have been many contactless methods of monitoring respiration either by monitoring skin
colour, chest movement or temperature around the nostrils remotely.
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¢ Thermal Imaging: The Infrared(IR) camera is generally aimed at the nasal cavity region. This method
can be used to measure both breathing rate and exhaled air temperature to monitor the vitals[2, 3].

¢ Depth Imaging: A depth map will contain the information about the distance between the object and
the sensor. This works on using ultrasound to map the object space and measure its distance and
possibly movement. The camera’s sensor is aimed at the chest region to monitor movement during
respiration, along with giving a measurement for the respiration phase. However, this process is much
slower compared to the other methods[51].

¢ Doppler Radar: It is a Electromagnetic(EM) wave based method which analyze the micro-doppler ef-
fect, i.e. change in relative frequency between the source and receiver because of movement between
them. So, microwave signals such as pulse signals in Ultra-wideband (UWB) radar or continuous sig-
nal in Continuous wave (CW) radar are sent to the target which is the chest region or the thorax of the
patient. The targets reflects these signals back and the movement of the target region during respi-
ration causes micro-doppler harmonics which are later analyzed for acquiring respiration rate. This
method is also used to acquire the heart rate by using different filters on the same acquired signal. The
disadvantage of this method is that the movement of the subject significantly affects the readings[12].

¢ Optoelectronic and Structured Light Plethysmography: Optoelectronic Plethysmography uses a cam-
era and a few markers placed around the chest region. As the camera is tracking these markers, it is not
completely a contactless method. However, Structured Light Plethysmography uses this principle with
a different application. Light sources project a pattern onto the target. The camera tries to reconstruct
the depth map by observing the distortions caused by movement, allowing it to analyze the direction
and amount of motion. This is used to monitor the chest activity during respiration remotely. How-
ever, this methods assumes that there is no other movement around the chest apart from the breathing
activity. This makes it difficult in case of patients who are not still[12].

* Video Based: Respiration causes movement on chest or abdomen region, which can be seen in any
video source. This makes it possible to extract respiration rate from image/video processing methods
like optical flow. Optical flow is a method of tracking the movement of pixels or object in a video frame
based on their pixel intensity. This allows the camera to track the pixels of the chest region or the chest
ROI during the breathing cycle. This makes it possible to track the chest movement during respiration
from a video source even from a great distance(>2m). This method also provides the option to track
other body movements too[52].

2.6. Monitoring Cardiac Activity

The Cardiac system consists of the heart and the circulatory system. They are responsible for circulating
blood throughout the body; carrying oxygenated blood from the lungs to other organs and de-oxygenated
blood back to the lungs. As the health of neonates is very fragile, monitoring vitals like heart/respiration rate
etc play a crucial role in their long term health and development. Inaccurate measurements may lead to
permanent damage of the body including the brain or even death in some cases, which is why methods for
monitoring vitals need to be fast and reliable. There have been many methods to acquire heart rate; either
from the blood vessels or from monitoring the heart directly through non-invasive means. The contact based
methods of monitoring heart rate are;

¢ Electrocardiography (ECG): Also the gold standard for measuring heart rate, this method measures
the electric impulses generated by the heart muscles during each rhythmic contraction and relaxation.
There are electrodes on specific points on the body, mainly the chest; and the electric signals read from
each sensor is amplified and observed. This method not provides heart rate but also gives the state of
the heart from the output waveform[53].

¢ Photoplethysmography (PPG): PPG provides information about both respiration and heart rate by an-
alyzing light absorption of blood vessel regions under the skin. An IR sensor will be placed on the
fingertips or the toes and the fluctuations in the skin absorption provides us with the signal for both
heart and breath rates|7, 8, 32].

* Pressure Sensing : Peizo-electric sensors can detect mechanical strain and convert that into electrical
signals. These sensors are placed on the skin where the major blood vessel complex are under the skin,
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like the wrist. This is used to detect the changes in blood pressure during the cardiac compression and
relaxation cycle, providing the heart rate[54].

Phonocardiography : The heart valves produce sound during contraction and relaxation in every cy-
cle. These sounds can be heard through a stethoscope and microphones that are placed on the chest
region closest to the heart. With appropriate filters, this not only provides the heart rate but also any
physiological abnormalities can be identified, like murmurs etc[53].

The non-contact based methods of monitoring heart rate are;

2.7.

Doppler Radar : This method analyzes the reflected EM waves from the body or target region. A filter
section is needed to filter the heartbeat and the respiration from the acquired EM wave signal with the
micro-doppler harmonics and to deal with the many unwanted reflected signals[55].

Laser Doppler Vibrometry : It is possible to detect skin deflections due to the pressure variations
caused by cardiac activity. The signal is extracted by pointing a laser at the region with blood ves-
sel complex under the skin. This signal is examined and the heart rate is derived from the micro-
movements of the skin[56].

Magnetic Induction: As the chest region is continuously moving, the impedance of the chest keeps
changing. With the poor-conducting air in the lungs and the well-conducting blood in the heart and
the blood vessels, the vitals are measured by inducing eddy currents and measuring the re-induced
magnetic fields from the chest externally. The same method can be extended to also measuring the
capacitance of the body by using electrodes attached to the clothing or the mattress the patient is on;
not directly attaching on the patient, and performing similar analysis[57].

Ultrasound : An ultrasonic transmitter and an ultrasonic receiver are installed on both sides of the
patient; not directly attaching on the patient, and the signals from the transmitter are modulated by
the respiratory and cardiac activities. The receiver picks up on these signal changes and filters out both
respiratory and heart rates simultaneously. This methods is slower and requires a lot of filtering and is
not reliable in case of any movement from the subject[58].

Remote Photoplethysmography (rPPG): It is possible to acquire the heart rate remotely where a cam-
era will be placed at a distance and the subject will be illuminated with a light source. The camera is
able to analyze the entire ROI of the subject and detect those micro-changes from the light reflected by
the subject. The diffuse part of the reflected light contains the information about the cardiac activity.
The performance of this method depends on the intensity of the incident light source[9, 59].

Thermal Image Analysis : The pulse generated from the heart travels throughout the body through the
blood vessels, enabling blood circulation. The blood flow affects the tissue temperature because of the
heat exchange between the blood vessels and the surrounding tissue. This effect is more observable
around the major superficial blood vessels. Analyzing the temperature change around these blood
vessel regions provides the heart rate[15, 21].

Non-Contact Monitoring of Vitals using Thermal Imaging

Skin is a complex organ that comprises many different cells and cell types. Itis a critical physical barrier that
protects the body and is responsible for fluid homeostasis, temperature regulation, and sensation. As the skin
of the neonates is very fragile, having adhesive sensors with connection wires; as shown in fig.1.1, may cause
them more harm than good. The adhesive on these contact sensors will damage the sensitive neonate skin
and may also cause sepsis related problems. The same problem will happen for people with damaged skin
as this may even hurt them more. In order to avoid these problems, a lot of effort has been put in devising
contactless methods for monitoring vitals. Infrared thermography has been a very efficient and preferred
method for its non-invasive yet detailed applications.For contactless monitoring in biomedical applications;
including thermal imaging, the following methods have been suggested in [11];

Near Infrared (NIR) Imaging: It is of wavelength range between 0.75 um-1.4 um. Used for applications
like measuring blood perfusion or blood vessel condition, monitoring brain injury etc[60].

Short Wave Infrared Imaging (SWIR): It is of wavelength range between 1.4 ym-3.0 pm. Applications
include blood vessels imaging etc[61].
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* Middle and Long Wave Infrared Imaging (MWIR, LWIR): MWIR is of wavelength range between 3.0
pm-8.0 um and IWIR is from 8.0 um-15.0 um. Theses ranges can be extended to applications like
Heart/Breath Rate(HR/BR), stress imaging or emotional classification of a subject etc[3].

¢ Photoplethysmography Imaging (PPG): This method uses sensors to monitor skin perfusion by mea-
suring their difference in spectrum absorption. This is because of the pressure difference in blood
vessels caused by cardio/respiratory activities. It can be used for applications like measuring HR/BR to
hemodynamic monitoring, oxygen consumption etc[60].

¢ Neonatal Imaging with Visible Light: Monitoring of physiological signal such as heart rate, peripheral
blood pressure and blood perfusion[63].

¢ Embedding Contactless Imaging inside Incubator: It involves embedding several physiological mon-
itoring and imaging sensors inside the neonatal incubator. Applications include IR imaging, Magnetic
impedance tomography (MIT) etc|1, 62].

2.8. Signal Analysis Methods

2.8.1. Power Spectral Density using Periodogram

A Periodogram is a method used to calculate the power spectral density (PSD) of a signal using Discrete
Fourier Transform(DFT) to perform spectral analysis on the signal. The spectral analysis is done using com-
bination of different methods like windowing methods and zero-padding before computing the DFT.

Windowing is a method for tapering the signal at the ends in order to reduce spectral leakage caused during
frequency analysis. As seen in fig.2.5, there is a sine wave of 4Hz sampled for 1 sec duration. The sampling
frequency o the signal is 100Hz. The fourier transform of the signal can be seen in fig.2.6 where it is clearly
visible that the frequency component in the signal is 4Hz.
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Figure 2.5: 4Hz Sine Wave Figure 2.6: DFT of 4Hz Sine Wave

However instead of 1 sec if the signal is sampled for 0.9 sec; as shown in fig.2.7, then the fourier transform of
this case is not as clear as the case when it was sampled for 1 sec as seen in fig.2.8. There are other frequency
components that are visible despite there being only one frequency component. Although the 4Hz compo-
nent has the highest amplitude in fig.2.8, the other components have amplitude comparable to the true value
which is undesirable.

If there are multiple frequency components present in the signal then these undesirable components affect
the observed results from the true value and that can affect the performance of the application. This is called
as spectral leakage, where there are undesirable frequency components in the fourier transform that should
not exist because the sampling duration and the time-period of the frequency components are not integer
factors of each other.

In practical situations; as the frequency components present in the signal are not known beforehand, know-
ing the ideal sampling duration would be difficult. Another alternative would be to have the sampling dura-
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Figure 2.7: Unfinished 4Hz Sine Wave Figure 2.8: DFT of Unfinished 4Hz Sine Wave

tion as large as possible to prevent spectral leakage but that will not be applicable for real-time situation and
for non-stationary signals where the frequency components tend to change. So in order to reduce the spec-
tral leakage, a windowing function is applied to the signal in order to taper the ends which would contribute
to the spectral leakage.

As seen in fig.2.9, the incomplete sine wave sampled for 0.9 sec is multiplied with a Hamming window as

shown in fig.2.15. The fourier analysis of the signal after windowing the signal; as shown in fig.2.10, shows a
reduction in the undesirable frequency components as compared to not applying any windowing function.

Unfinished 4 Hz Sine Wave Weighted by Hamm 200 FFT of Unfinished 4 Hz Sine Wave Weighted by Hamm
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Figure 2.9: Unfinished 4Hz Sine Wave after Hamming Window Figure 2.10: DFT of Hamming Window Unfinished 4Hz Sine Wave

There are many different windowing functions but the ones that will be used for this project are as follows;

* Boxcar : This window is equivalent to not applying any tapering or window to the signal. The window
function w/n] can be defined as;

winl =1, where 0<n<N (2.32)

where N is the length of the window.
The plot of the window w[n] can be seen in fig.2.11 with its respective frequency response in fig.2.12.

¢ Triangular : This window is a triangle, symmetrical at the centre of the signal. The window function
w[n] can be defined as;



2.8. Signal Analysis Methods 19
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N
n-3%
winl =1 - T" where 0sn<N (2.33)
2
where N is the length of the window.
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Figure 2.13: Triangular Window Signal Figure 2.14: Triangular Window Frequency Response

The plot of the window w[n] can be seen in fig.2.13 with its respective frequency response in fig.2.14.

¢ Hamming : This is one of the most commonly used windowing functions. The window function w/n/
can be defined as;

2nn
w(n] = 0.54 —0.46 cos(
N-1

), where :0<n<N (2.34)
where N is the length of the window.
The plot of the window w[n] can be seen in fig.2.15 with its respective frequency response in fig.2.16.

¢ Hann: This windowing functions is commonly abbreviated as Hanning window. The window function
w[n] can be defined as;

2nn
w(n] = 0.5 —O.SCos(N 1), where 0<n<N (2.35)
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where N is the length of the window.

The plot of the window w[n] can be seen in fig.2.17 with its respective frequency response in fig.2.18.

¢ Blackman-Harris : The window function w/n] can be d

wln] = 0.35875 — 0.48

+0.14128 cos(%) -0.01168 cos(

where N is the length of the window.

Blackman-Harris window

efined as;

2nn
829 cos o1

(2.36)

6nn
N—l)’ where 0<n<N

Frequency response of the Blackman-Harris window
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Figure 2.19: Blackman-Harris Window Signal Figure 2.20: Blackman-Harris Window Frequency Response

The plot of the window w[n] can be seen in fig.2.19 with its respective frequency response in fig.2.20.

¢ Bohman : The window function w/n] can be defined as;

N
2

2

wln] = (1— 1

+;sm /2

where N is the length of the window.

Bohman window

N n
cos(m

~=||, where 0<n<N
2z

_N
2

N
2

) (2.37)

Frequency response of the Bohman window
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The plot of the window w(n] can be seen in fig.2.21 with

WL L

Normalized frequency [cycles per sample]

.22: Bohman Window Frequency Response

its respective frequency response in fig.2.22.



2.8. Signal Analysis Methods 22

* Flattop : The window function w/n/ can be defined as;

wln] = 0.21557895 — 0.41663158 cos( 13,”_"1) +0.277263158 cos( 1(*,”_"1)

(2.38)

—0.083578947 cos(%) +0.0066947368 cos(%), where 0=n<N

where N is the length of the window.
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Figure 2.23: Flattop Window Signal Figure 2.24: Flattop Window Frequency Response

The plot of the window w[n] can be seen in fig.2.23 with its respective frequency response in fig.2.24.

¢ Parzen: The window function w/n] can be defined as;

2 3

_ll2a 12n] . N-1

) R )
3
12n] . N-1 -1
win] = < 2(1 - T) H T <|n|= 5 (2.39)
-1 N-1
where —-~5—<n=<--
where N is the length of the window.
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Figure 2.25: Parzen Window Signal Figure 2.26: Parzen Window Frequency Response

The plot of the window w[n] can be seen in fig.2.25 with its respective frequency response in fig.2.26.
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¢ Nuttall : The window function w/n] can be defined as;

wln] = 0.355768 — 0.487396 cos(—lf,ﬂ_nl)

(2.40)

+0.144232 cos(ﬁ”_”l) —0.012604 cos(f/’_”1 ), where 0<sn<N

where N is the length of the window.
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Figure 2.27: Nuttall Window Signal Figure 2.28: Nuttall Window Frequency Response

The plot of the window w[n] can be seen in fig.2.27 with its respective frequency response in fig.2.28.

* Bartlett-Hann : This windowing function is a combination of the Bartlett (another type of rectangular
window) and the Hann window. The window function w/n/ can be defined as;

n 1 2nn
w(n] =0.62 — 0.48| —— — —|—-0.38cos , where 0=sn<N (2.41)
N-1 2 N-1
where N is the length of the window.
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Figure 2.29: Bartlett-Hann Window Signal Figure 2.30: Bartlett-Hann Window Frequency Response

The plot of the window w[n] can be seen in fig.2.29 with its respective frequency response in fig.2.30.

¢ Kaiser : The window function w/n] can be defined as;
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4n?
IO(ﬁ I_W—UZ) N-1 N-1
win] = , where - =n< (2.42)

Iv(B) 2 2

where N is the length of the window and § = 0 is the shaping parameter used to determine the trade-off
between the main lobe width and the side lobe attenuation and I is a zero-degree Bessel function.
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Figure 2.31: Kaiser Window Signal for =4 Figure 2.32: Kaiser Window Frequency Response for f =4
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Figure 2.33: Kaiser Window Signal for =12 Figure 2.34: Kaiser Window Frequency Response for =12

The plot of the window w(n] for § = 4,12 can be seen in fig.2.31,2.33 with its respective frequency re-
sponse in fig.2.32,2.34.

¢ Dolph-Chebyshev: Unlike the other windows, this window is defined in the frequency domain with a
set attenuation factor. The window function W/k] is defined as;

Wik] = cos(Mcos‘l(ﬁcos(”—n,ll‘)))/cosh(Mcos‘l(ﬁ))
where B = cosh(l\%cosh_l(lo%)) (2.43)

O<sk<M

where; M is the length of the signal and A is the attenuation factor for the window.
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Figure 2.35: Dolph-Chebyshev Window Signal Figure 2.36: Dolph-Chebyshev Window Frequency Response

The plot of the window W[k] for attenuation of 100dB can be seen in fig.2.36 with its respective signal
in the time-domain in fig.2.35.

¢ Tukey : The window function w/n/ can be defined as;

1 2nn aN
5(1 - cos(m)) where 0=n<%

winl =44 where % <=n< g (2.44)
w[N —n] where §<n<N
where N is the length of the window and 0 < a < 1 is the shape parameter for the window.
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Figure 2.37: Tukey Window Signal for @ = 0.5 Figure 2.38: Tukey Window Frequency Response for a = 0.5

If @ = 0, then the window is equivalent to a Boxcar window and if @ = 1, then it is equivalent to a Hann
window. The plot of the window w[n] for @ = 0.8,0.5 can be seen in fig.2.37,2.39 with its respective
frequency response in fig.2.38,2.40.

In case of windowing methods, there is always a trade-off on the frequency resolution determined by the main
lobe width and the side lobe attenuation. The other windowing methods try to compensate for the lower side
lobe attenuation at the price of the main lobe width. As seen in fig.2.31,2.33, increasing 8 will improve the
side lobe attenuation but also increase the main lobe width.

In table 2.1, the normalized main lobe width and the average side lobe attenuation for each of the window-
ing methods considered for this project are mentioned. The Boxcar window has the lowest main lobe width
compared to the other windows; as shown in table.2.1, giving it better frequency resolution but its side lobe
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Figure 2.39: Tukey Window Signal for a = 0.8 Figure 2.40: Tukey Window Frequency Response for a = 0.8

H Windowing Method Normalized Main Lobe Width(Hz) ~ Avg. Side Lobe Attenuation(dB) H

Boxcar 0.01978505 35.23815253
Triangular 0.03883732 60.02994046
Hamming 0.04127992 53.632151

Hann 0.04030288 81.65662472
Blackman-Harris 0.0803615 109.5293241
Bohman 0.06033219 97.81854319

Flattop 0.10332193 94.10716757

Parzen 0.07840743 96.89967634

Nuttall 0.0828041 99.75401848

Bartlett-Hann 0.04030288 70.73104972
Kaiser( =4) 0.03297509 53.68559298
Kaiser(f =8) 0.05495848 87.31320733
Kaiser( =12) 0.07938447 117.3135847
Dolph-Chebyshev 0.07791891 106.0603349
Tukey(a = 0.5) 0.02711285 68.39904645
Tukey(a = 0.8) 0.03346361 78.77288866

Table 2.1: Comparison of behaviour of different windowing methods in frequency domain
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attenuation is poor which contributes to the spectral leakage while the Flattop window has one of the lowest
side lobe attenuation but also the largest main lobe width among all the windows; compromising on its fre-
quency resolution. The diversity of the windowing methods helps better explore the nature of the signal and
to see which characteristics are better suited for the algorithm’s performance.

Zero-padding is the method of appending zeros to the signal after the signal is multiplied by a windowing
function and before calculating the DFT of the signal in order to increase the length of the density of the
samples in the frequency domain.

In order to show the effects of zero-padding, a sine wave defined as;

y =X5_, Alnl * sinn = faln] x)

where;
A =10.5,0.5,0.5,0.75, 1, 0.5] (2.45)
fa=1[1.1,1.15,1.5,1.55,2.1, 2.15]
x=1[0,1/fs,2/fs,3/fs,....., 15]
fs=9

In equation 2.45, fa are the frequency components composing the sine wave with A being their respective
amplitudes. The signal was generated with a sampling frequency of 9Hz; similar to the camera’s frame rate,
with a period of 15 sec which is used to generate the time axis x in equation 2.45. This would mean that
when the DFT for equation 2.45 is performed, then there should be 6 distinct peaks visible in the transform.
However, as we see in fig.2.41, there are only 3 peaks visible. This is because some of the frequencies are
only 50mHz apart from each other and because a 15 sec window would give a resolution of only 67mHz, the
components too close to each other could not be distinguished and ended up as one frequency. After zero-
padding to the same length as the original signal, the DFT is able to distinguish between the frequencies that
were too close to each other and otherwise were not detected earlier; as shown in fig.2.42.
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Figure 2.41: DFT of equation 2.45 Figure 2.42: DFT of equation 2.45 after Zero-Padding

This demonstrates how zero-padding can improve the frequency resolution of the signal but there is a draw-
back to this method. In fig.2.42, there are unwanted frequency components that appear near the peaks. These
harmonics are the consequence of zero-padding and they can affect the output for a more complex signal
from real scenarios. For DFT in fig.2.41 and fig.2.42, the Boxcar window was used. So in order to reduce the
harmonics that appear because of zero-padding, using a widow with better side lobe attenuation will reduce
them and provide us with better results. After using a Tukey window instead of Boxcar and zero-padding to
the length of the original signal; as shown in fig.2.43, there was significant reduction in the harmonics because
of higher side lobe attenuation but zero-padding does not appear to be as effective as in case of using Boxcar
window in terms of frequency resolution. Increasing the zero-padding to two times the length of the original
signal after applying Tukey window did improve the results slightly; as seen in fig.2.44, but it is still not as dis-
tinctive as in case of using the Boxcar window. Also, increasing the zero-padding also increases the amount of
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computation by the factor of its increment. So, zero-padding must not be done by a really large factor for its
effects on the computational load and also in the DFT output. So, for this project zero-padding will be done
to only four times the length of the original signal; each paired with 16 different windowing methods.
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Figure 2.43: DFT of equation 2.45 after using Tukey (@ = 0.5) win-  Figure 2.44: DFT of equation 2.45 after using Tukey (a = 0.5) win-
dow and zero-padding to the length of the original signal dow and zero-padding two times the length of the original signal

2.8.2. Welch Periodogram

The Welch periodogram; also called as an averaging periodogram, is an improvement on the standard peri-
odogram discussed in the earlier section where the signal whose spectral analysis needs to be performed is
divided into equal segments; as shown in fig.2.45, and a standard periodogram is performed on each segment;
with windowing and zero-padding, and the results of all segments is merged by averaging; as mentioned in
[43]. As the segments are of equal length, the periodogram output of each segment will have the same num-
ber of components for the same bandwidth resolution; depending on the sampling rate of the signal. This
method is advantageous in order to remove any spectral noise and see which frequency components are
recurring among all the segments. As the length of the signal being analyzed by the periodogram is lower
that the original length of the signal, the bandwidth resolution of the output will be lower than performing a
simple periodogram on the whole signal.

The Welch periodogram depends on the following parameters;

* Size of each segment: It has to be lower than or equal to length of the original signal. If the size of
the segment is the same as the length of the original signal, then it is equivalent to using a standard
periodogram. In fig.2.45, it is potrayed as variable K.

¢ Sliding of window between segments: This determines by how much the segments slides over the
whole signal to define another segment.In fig.2.45, it is potrayed as variable Q.

* Windowing method and zero-padding: As periodograms are computed for each of the segments, they
are also dependent on factors like windowing methods and zero-padding. As shown in fig.2.45, a Hann
window is applied to each segment.

* Mean or median analysis: The common method is to average the output of all periodograms. How-
ever, it is also possible to calculate the median of all periodograms. As all periodograms are of equal
length, the mean or median for the values at the same index of the periodograms is computed and
merged into one final periodogram which would be the output. For this project, only the averaging of
the periodograms will be used.

In fig.2.46, the periodogram of a noisy sine wave of frequency 1500Hz and sampling frequency of 1KHz is
shown. The signal was sampled for a 100 sec duration, leading to 100K samples. Even though the relevant
frequency component is clearly visible, the noise in the signal is also significant. In order to reduce the con-
tribution of the white noise in the spectral analysis, the Welch periodogram was performed with the following
parameters;
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Figure 2.45: Taking segments of signal s(n) for Welch periodogram

¢ The length of each segment was 1024 samples

¢ Sliding of window was 512 samples

¢ Hann window was used with no zero-padding

* Mean analysis was performed on the resulting periodograms of the segments.

The result of the Welch periodogram can be seen in fig.2.47, where the white noise contribution is lower as
compared to fig.2.46. Hence, the Welch periodogram can be used to reduce Gaussian noise in the spectral
analysis output and could help provide better results.
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Figure 2.46: Standard Periodogram using Hann Window Figure 2.47: Welch Periodogram using Hann Window

2.8.3. Lomb-Scargle Periodogram

The Lomb-Scargle periodogram is a least-squares spectral analysis method where the spectral power of the
frequncy components is based on a least squares fit of sinusoidal waves of required frequencies to the sample
signal; as mentioned in [44, 45]. Unlike the other periodograms where the frequency vector is dependent on
the sampling frequency, the range of frequencies is exclusively specified by the user and the Lomb-Scargle
algorithm compares the signal with each of these frequencies and provides an output for the spectral analysis
of the signal similar to the other methods. Unlike the other methods, the signal does not need to be sampled at
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equal durations for Lomb-Scargle periodogram. So the instances when each sample for the signal was taken
also needs to be recorded. This methods also does not use different windowing methods or zero-padding.

Suppose there is a signal X which is sampled at instances t. For a specified frequency o, first the time delay
factor 7 for the signal needs to be calculated by using the equation 2.46[45].

tan2wt = Zj sinZwtj]/[Zj CoS2wt;j (2.46)

Once the time delay factor 7 is calculated, then the spectral power P, (f) of the specified frequency w is cal-
culated by using the equation 2.47[45].

P,(f) = %{[Zjchosw(tj_T)]z/[zjxjcos%)(tj—r)]
2.47
+[zjxjsinw(tj—r)]z/[zjxjsin%(tj—r)]} e

In order to calculate the Lomb-Scargle periodogram, a list of w are specified and using equations 2.46,2.47 the
spectral power P, (f) for each of those frequencies is calculated and this provides us with the spectral analysis
output for the signal.
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Figure 2.49: PSD output of unevenly sampled 1.3Hz sine wave us-
Figure 2.48: Unevenly sampled 1.3Hz sine wave ing Lomb-Scargle method

In fig.2.48, there is an unevenly sampled sine wave of frequency 1.3Hz which appears to be a random set of
points. In order to compute the PSD of the signal using Lomb-Scargle’s method, a set of 1000 frequencies
ranging from 0.01Hz to 10Hz were selected and the spectral analysis was done for the signal. In fig.2.49, there
is a distinctive peak at 1.3Hz which is the frequency of the signal.

The Lomb-Scargle’s method is clearly useful for practical situations where the sensor data is not sampled at
equal intervals. However; given the nature and complexity of this method, a large signal size or a large set
of frequencies contribute to greater computational load as compared to Welch or standard periodogram. So,
this method must be used cautiously for real-time applications.

2.8.4. Polyphase FFT Filterbank

A Polyphase FFT Filterbank; also known as a Channelizer, is an array of filters that divide an input signal into
multiple components; one for each filter and then decimate them by the same factor as the number of filters.
The filter used for this method will be a polyphase bandpass filters.

Let there be an N;j, order FIR filter; N being an odd number, whose transfer function can be expressed as;

H(z) = ho+ iz ™" + hpz > + h3z™ + ....... hy-1z" 0D

However, the above transfer function can be expressed as a sum of two different transfer functions shown in
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[46] as;
H(z) = hy + th_Z + ”l4Z_4 F o hN_gz_(N_s) + hN_lz‘(N‘D
+ hlz_l + h32_3 Foreeeeens hN74Z_(N_4) + thgz_(N_z)
= hoy + h2272 + h4z’4 F o hN_gzi(Ni?’) + hN_lzi(Nil)
+Z_1(h1 + hgz_z F e hN74Z_(N_5) + thzz_(N_g))
(2.48)
= Eog(2%) + 27 ' E1(2%)
where;
Ey(2) = hy + hzZ_l + I’l4Z_2 F o I’lN_?,Z_(N_g)/Z + hN_lz‘(N‘U/Z
Ei(2) = h; + h3271 Foverennns hN_4z’(N’5)/2 + hN_zzi(Nis)/z
—»[ Ho(2) }—» M — —>{ M —h Ho(2) }_]L
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Figure 2.52: Working of a channelizer and signal reconstruction after channelizing the input signal

As shown earlier, the FIR filter H(z) is split into two polyphase filters Ej(z) and E; (z). This can also be extended
to more than two polyphase filters i.e. Ey(2), E1 (%) .... Epf—1(2) [46];

H(z) = X5 27 FEr(z™)
where; (2.49)
Ex(2) = SN hapnirz™ 0sk=M -1

where; N is the number of filter coefficients and M is the number of polyphase filters to be created.

In a channelizer, there will be a series of equally spaced polyphase bandpass filters; depending on the number
of bands the signal needs to divided into ( usually an exponent of 2), as shown in fig.2.50, 2.51.

The input signal is simultaneously passed through each of those polyphase filters simultaneously; as shown
in fig.2.52, and then the signal is downsampled by the same factor s the number of filters. This gives a row of
signals, each containing the output from it’s sub-band processing. The channelized signal is constructed by
upsampling the sub-band signal components by the same factor they were downsampled with and passing
them to the same set of polyphase filters respectively and then adding the outputs. In order to implement a
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series of bandpass filters, a set of low-pass filter coefficients are specified to control the nature of all polyphase
filters being used.

Unlike the windowing methods which have a trade-off on the main-lobe width and the side-lobe attenuation,
the channelizer is used to provide both frequency resolution and side-lobe attenuation. Although, depending
on the number of bands, it could be too computationally intensive to do it in real-time.

Parks-McClellan Lowpass Filter
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Figure 2.53: Parks-McClellan Lowpass Filter of order 235, cutoff frequency 0.5Hz, transition width of 0.2Hz and sampling frequency of
9Hz

As shown in section 3.4, FLIR SC305 has a maximum frame rate of 9Hz. In order to design the series of
polyphase bandpass filters, a Parks-McClellan low pass filter was used. For the filter design, the following
parameters were used;

¢ Order of the filter was 235. This was done to achieve low passband ripple and side lobe attenuation
better than most of the windowing methods (atleast 80dB attenuation).

* Cutoff frequency = (Sampling Frequency)/ (4.5 * No. of Bands)

¢ Transition width of frequency response from passband to stopband

2.8.5. Cubic Spline Interpolation

Interpolation is an analysis method of fitting a curve that can satisfy the conditions for a set of known points
and using that curve in constructing new data points between the range of the known data points. The
curve can range from being a linear equation between two points or a more complex polynomial like a cubic
equation[48, 49]. In fig.2.54, there are a random set of data points defined and the output of each of the inter-
polation methods is also displayed along with the points showing what the constructed set of data points are
depending on the type of interpolation being used.

Let’s define a set of data points in the form (xy, yo), (x1, 1), (X2, y2), (X3, ¥3),.....(Xp, ¥n),; Where x; is the x-
coordinate and y; is the y-coordinate for 0 < i < n, satisfying the conditions that all points are ordered in
ascending order of x; and no two points have the same x; i.e. xg < x; < X2 < ...... < Xp. For the n + 1 points
provided, there will be n curves C;(x) that can be expressed as;
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Figure 2.54: Linear and Cubic Interpolation over a set of random set of points

Ci1(x), where xp<x<x
Cyo(x), where x1<x<Xxp

S(x) =< Ci(x), where xj_1<x<Xx; (2.50)

Cn(x), where x,_1<x<xp

where S(x) is the set of curves C; (x) used after interpolation to show the nature of the constructed data points
and to create new ones. For a random coordinate x; which satisfies the condition xp < x;-1 < Xj < x; < X,
then y; = C;(x;) and (x}, y;) becomes the new data point.

In case of linear interpolation, C;(x) will be a linear equation of the form y = ax + b; a being the slope of
the line and b being the offset, that satisfies the condition for its respective points (x;_1, y;—1) and (x;, ;). As
seen in fig.2.54, the linear interpolation is not smooth and can be very abrupt. However, using a cubic spline
instead of a linear equation will provide a smoother and continuous curve with no abrupt changes at the data

points.
For cubic spline interpolation, the curves between the data points are of the form C; (x) = a; x3+b; x> +c; x+d;;
where a; # 0. In order to determine the set of cubic splines S(x) that is valid for the provided set of points and

also provides a smooth and continuous curve, the following conditions need to be satisfied[48, 49];
e Ci(xi-1)=yi-1and Cij(x;) =y;forl<i<n
« Ci(x)=C,, (x)forl<isn

. C;.,(xi) = C;.,H(xi) forl<si<n
As C;(x) is a cubic equation, its double derivative C;.' (x) will be a linear equation expressed as C;./ (x) =6a;x+
2b;. This linear equation can be fitted between the points M;_; = C;./ (x;—1) and M; = C;’ (x;) and can be
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expressed as;
" Xi—X X—Xj—
C;(x) = M= + M; =L
h; h; (2.51)
where; xe[x;_1,x;land h; = x; — xj_1
After integrating the equation twice to get C;(x), the equation results in;
Cix) = f ( f c;’(x)dx)dx
. _x)3 . )3
- M, (x; —X) Y (x—xi-1)
6h; 6h; (2.52)
+( . Mi—lhlz-)xi—x+( ' Mih?)x—xil
i1 6 P G 6h;
where; xe[x;_1, X;]
As the condition C;. (x;) = C;. +1(x7) is still valid and using the equation 2.52,
, (xi41 — ) (x-x)*  yiri—yi Mia-M;
c - _M: + M: + - h; (2.53)
l+l(x) i it i+1 2t it 6 i+1
, hi i+1—Yi M1 —M;
Ch () = —M; i+l Yie1 — Vi Mis1 lhi
2 hi+1 6
h yiey M- M (2.54)
! i i~ Yi-1 i~ M
C;(x;) = Mi? + n 5 hi
which can be further simplified to[48, 49];
piMi + 2M; + AiMj1 = D;
where;
= (2.55)
Hi = hi+his '
Ai=1-p;

Di = 6f[xi—lrxi)xi+l]

flxi—1,xi,x;+1] is a divided difference function. There are two boundary conditions that need to be taken

into consideration before proceeding[48, 49];

1. Assuming that the first derivatives at both ends are known; i.e. C/1 (x0) = f(; and C/n(xn) = f,;. Using

equation 2.53, we can get;

/ (x1 - x0)? (xo—X0)> y-yo Mi—Mp
Cy(x0) = =M, +M + - h
1 (%) " om, o n 6
/ (xn_xn)z (-xn_-xn—l)2 Yn—Yn-1 My — My
Ch(xp) = =My~ 4 M + - h
n(xn) n-1 2h, n 2h,, h, 6 n

which can be further simplified to ;

2Mp + My = 6f[x0, X0, X1]
2My + My = Gf[xn—lyxn»xn]

(2.56)

(2.57)
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Therefore, assuming the condition that Ag = y,, = 1, Dy = 6 f[xp, X0, x1] and Dy, = 6 f[x,-1, X, X] and

using equation 2.55, we get the equation;

[2 Ao
2 A

Un-1 2
Hn

/ln—l
2

M
M

Mn—l

L Mn

5

4

Dy ]

Dy

Dn—l

Dy, |

2. Assuming that the second derivatives at both ends are known; i.e. C/l/ (x0) = Mp =

(2.58)

f, and C,,(x,) = My, =

f,;' L If f(;/ = f,;/ =0, then it is called a natural boundary condition. Therefore, assuming the condition
that lg =, =0, Dy = 2f(;/ and D, = 2f,/1/ and using equation 2.55, we get the same equation as 2.58.

After solving these equations and receiving the values for My, My, ...., M,;, and substituting these values in
equation 2.52, we get the the C;(x) between the points and in turn get S(x) providing the curve fitting the

provided set of data points.

Cubic Spline interpolation is used to compensate for the irregularity between the sensor readings because
in real-time situations there will be inconsistent duration between consecutive samples. In order to use any
spectral analysis method the data points need to be equally spaced in the time domain and cubic spline
interpolation provides us with a more smoother approximation between the values; as shown in fig.2.54.



Tools and Software

3.1. Pine ROCKPro64

The whole setup and algorithms will be implemented upon a Pine ROCKPro64, which will also be connected
to the sensors, cameras and a server. The ROCKPro64 is the most powerful single board computer from
PINEG64, featuring a Rockchip RK3399 hexa-core SOC as well as a quad-core Mali-T860MP4 and up-to 4GB of
dual-channel LPDDR4 system memory.

3.2. Balance KH 8095 Blood Pressure Monitor

The Balance KH 8095 is a digital sphygmomanometer (DSPHG) that will be used to measure the heart rate of
the subject. This device follows an auscultatory method of measuring blood pressure[53]. An occluding cuff
is attached to the arm along with a microphone or a listening device to hear the blood flow from the blood
vessels in the arm; called as Korotkov sounds. The cuff inflates and stops the blood flow by applying pressure
on the blood vessels above the systolic pressure. When that happens, then the microphone doesnot hear any
sounds. Then the cuff starts releasing pressure slowly. When the microphone starts hearing sounds from the
arterial blood flow in the arm, then point when that happens is the systolic pressure and the device records it
and continues deflating. When the microphone stops hearing any sounds again, this means that the pressure
is lower the diastolic pressure and records that value. Between the duration of identifying the systolic and
diastolic pressure, the microphone is continuously hearing the arterial blood flow and also keeps track of the
number of heart beats that happen during the measurement. Once it identifies both systolic and diastolic
pressure, it calculates the average heart rate for the duration. The Balance KH 8095 spends around 14-16 sec
for inflating the cuff and another 15 sec for measuring the systolic/diastolic pressure and heart rate; implying
that it averages the heart rate over a 15 sec duration and takes 30 sec to measure it.

3.3. Philips SureSigns VM6

The Philips SureSigns VM6 is the ECG provided by TU Delft’s Bioelectronics group. The VM6 is a 3 and 5 lead
ECG that is capable of measuring heart rate, breath rate along with arrhythmia analysis, body temperature
and SPO,. For our experiments, we will be using only 3 leads that will be placed on the chest of the subject
being monitored; as shown in fig.3.1, where the red electrode will be placed in the right arm(RA), the yellow
electrode in left arm(LA) and the green electrode in the left leg(LL) or on the lower stomach; also referred as
the Einthoven’s triangle. The device has a USB port where an external storage device can be connected and
the output of monitoring the subject is stored in a file named "TrendLijst_ID onbekend.xls", along with the
timestamp of when the values were recorded. The values recorded will be the average of every 15 seconds of
the recordings. Therefore, the timestamp of the device needs to be synchronized with the epoch timestamp
in seconds before proceeding with the recordings in order to be compared with other sensor readings.

Biopotentials are generated throughout the body because of difference in ionic concentration of electrolytes

36
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Figure 3.1: Placement of ECG electrodes on the chest in thermal images

(mainly Na+, K+, Cl- ions) across the cellular membrane of different cells, including the heart. The electrodes
placed on the body read record the electrical activity of the heart by measuring these biopotentials and gives
information about the cardiac activity[53]. As shown in fig.3.2, the electric activity of different parts of the
heart contribute to the standard PQRST wave that is displayed by the ECG device.
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Figure 3.2: Electric activity of each part of the heart to make the PQRST wave([53]

The breath rate is measured by measuring the change in the trans-thoracic impedance between the RA and
LL electrodes. This allows the device to monitor breathing activity even in cases like irregular or abdominal
breathing and also for sleep apneas. The respiratory signal shows when the chest expands in case of inhal-
ing; in which case the graph goes up, and contraction while exhaling; in which case the graph goes down.
However, there is a drawback to this method of monitoring respiratory rate. Sometimes the values recorded
are invalid because they are affected by the chest movement. As the impedance between electrodes is used
to measure the breathing activity, any action like moving your chest or strain on your chest muscles which
could affect the electrical activity will also be reflected on the ECG monitor. This will cause irregular readings
and in turn gives wrong values for breath rate. Fortunately, this doesnot affect the recording of the cardiac
activity unless the electrodes are disturbed or are not connected properly.
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3.4. FLIR Infrared Camera and ResearchIR Software

The camera used is FLIR SC305 infrared camera. It has 9Hz frame rate and resolution of 320x240 pixels and is
a IWIR camera(7um-14pum).

3.4.1. Installation Procedure

First, download ResearchIR Max software from the flir website:
¢ Go to https://flir.custhelp.com/app/account/fl_download_software
¢ Create a new account (needed to download software)
e Select the product: Reporting and Analysis Software
* Select below that: FLIR ResearchIR
¢ Download the software

Then, follow the procedure to install the ResearchIR Max from the executable. After that, an activation code
has to be inputted to activate the software.

3.5. PT100 Temperature Sensor and HP-3478A Multimeter Interface

In order to perform the thermal analysis of the incubator, a PT-100 temperature sensor was connected to a
HP-3478A multimeter and the 4-wire resistance of the sensor was measured to determine the temperature.
The formula for the temperature conversion given in equation 3.1 comes from the PT-100 manual.

temperature = 3383.81 — 0.287154 = V159861899 — 210000 * 4W ireResistance (3.1

This gave the flexibility to measure and analyze each region specifically. However, the multimeter had a GPIB
interface which could be used to interface and read values on the system. For this, the GPIB device drives
and pyvisa python library needed to be installed on the system to be interfaced with the multimeter. The
workings of the interface can be seen in fig3.3

HP3478A User Interface(GUI)
Multimeter = cpIe-USB on the System
Connection
PT-100

Figure 3.3: Working of the Multimeter Interface

A GUI was designed not only to read from the multimeter but also to record and graphically plot the acquired
values.

The process comprises of controlling and reading from the multimeter, converting readings to temperature,
filtering the temperature values, recording them and/or storing. The GUI searches for the available GPIB de-
vices and displays the list but it will automatically connect to the first available device. All features of the mul-
timeter are accessible through this interface, including changing precision, range or mode of the multimeter.
The interface also implements displaying the values read from the multimeter in real-time. As mentioned
earlier, the 4-Wire Resistance read from the multimeter can be converted into temperature. So the interface
converts the acquired values into temperature and also applies moving average and kalman filter. These val-
ues are also displayed in a real-time graph. The frequency at which the values are read and displayed from
the multimeter and the filter coefficients can be adjusted as per the user. The real-time display, conversion,
filtering and/or recording of values happens when the "Run" button is pushed i.e. the process is running.
The button needs to be pushed again to stop the process.
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3.5.1. Software Used
e GPIB Device Drivers

¢ PY-Visa Python library
e PYQT5 Designer
* Other associated Python Libraries like Numpy, Math, Pyqtgraph, CSV, etc

3.6. TMP116 Interfaced with STM32L476G-DISCO

The TMP116 is alow-power and high-precision temperature sensor with integrated EEPROM memory. It pro-
vides a 16-bit temperature result with a resolution of 0.0078°C and an accuracy of up to +0.2°C with no cal-
ibration. The STM321476 Discovery kit (32L476G-DISCO) is a 32-bit microcontroller that is energy efficient
with ultra-low-power capability and supported I2C communication. The TMP116 is also I2C compatible. So
two of these sensors were attached on a PCB 10cm apart and both were given different addresses and inter-
faced by STM32L476G-DISCO over the I2C communication protocol. Temperature is read from both TMP116
sensors simultaneously.

STM32L476G Serial connection
- RECOER to the System
voe ST-Link Y

33v
scL
SDA
TMP116 GND

10 cm

PBT

PB6.

Figure 3.4: Working of the STM32L476G board with TMP116

In order to enable communication and read from the temperature sensors, a binary file was uploaded to
STM321476 via the ST-Link/USB connection to the system. The binary file was created using the Mbed Com-
piler by specifying the board and implementing the I2C example already provided by the compiler. After
the binary file is created, connect the connections are made between the temperature sensor PCB and the
STM321476 board, with pins PB7 as SCL and PB6 as SDA. Then the microcontroller board was connected
using the ST-Link/USB connection and the binary file was uploaded i.e. dragged and dropped to the device.

The binary was written in such a way that whenever the microcontroller setup was connected to the sys-
tem, it would read from the temperature sensors and send data to the system via serial communication. To
be able to read from the device via serial port, the ST-Link and OpenOCD drives needed to be installed to the
system. Then a python program was written to read from the serial port of the system where the board was
connected and record the values in a csv file for future reference.

3.6.1. Software Used
¢ M-bed Compiler
¢ ST-Link and OpenOCD drivers

* Other associated Python Libraries like CSV, Serial, etc

3.7. Edison Board

The Intel Edison compute module is a compact computing platform that’s small by design but has great
computing power and is easily interfaced with the system and other associated blocks. The 9-Degrees-of-
Freedom(9DoF) block is a Intel Edison compatible module with many sensors like gyroscopes, accelerome-
ters, a magnetometer and a temperature sensor on it. So the Intel Edison board was connected to the 9DoF
block and the whole block was connected to the system using a microA USB connection. PuTTY was used to
interface the block with the system over the serial connection over the serial line "/dev/ttyUSB0" with speed
of 115200 MBps. We needed to read from the temperature sensor on the 9DoF block. So a C++ program was
written to read and record the temperature sensor values and record them in a csv file for future analysis.
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3.12. Dense Optical Flow Analysis of Infrared Camera Recording

The Gunnar Farneback Optical Flow was used to perform the analysis for Thermal Lensing and Heatflow of
the portholes of the incubator. The ResearchlIR software was used to read from the FLIR-SC305 IR camera and
record the camera’s output in a video(WMYV) format.

The recording was done with a fixed temperature scale i.e. the colour of the recording will not auto adjust to
the temperature scale. As the optical flow algorithm relies on the intensity of the pixels remaining the same,
the fixed scale version would provide better results.

AVI
WMV video

video —» Run Python » Select ROI Optical F_Iow —™ile
file Program for Optical Flow Analysis . »CsV file

Figure 3.8: Optical Flow analysis of IR camera recordings

The Gunnar Farneback algorithm was implemented on the recordings using the OpenCV libraries in python,
with functionality shown in 3.8. The following parameters were used for the Gunnar Farneback optical flow
implementation;

e image scale: 0.5

e number of pyramid layers: 10

¢ averaging windows size: 20

e number of iterations for each pyramid level: 10

¢ size of the pixel neighborhood used to find the polynomial expansion: 10
¢ standard deviation: 5.0

These values were decided on a trial and error basis after observing which set of output was giving less noise;
while trying not to dampen any possible patterns with low intensity. The python OpenCV program would
take the input of the video file from ResearchIR and open it. It would display the first frame of the recording
so that we can select the ROI we are interested in analyzing. The programs sets the points of interest on the
ROI to record the output from, which in this case would be 3 concentric circles with 8 equidistant points on
each circle i.e. 24 points in total. Then it would perform dense optical flow analysis on the specified region
for the whole region and store the output of the analysis as a video(AV]) file (shown in figure 3.9) and a CSV
file, recording the magnitude and direction of flow in each of the 24 points of interest.

3.12.1. Software Used
¢ ResearchIR

* OpenCV libraries for Python
¢ Other associated Python libraries like Numpy, CSV, Math etc.
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Figure 3.9: Left: snapshot of infrared video of aluminum block inside incubator and right: visualization of optical flow of the video



Pre-processing Filter Chain

The pre-processing of the algorithm will acquire the images data from the camera and process it until it can
be used as suitable input to the vitals monitoring algorithm, as shown in figure 5.1. This filter chain was
designed in collaboration with Erik Wirianto of TU Delft.

Figure 5.1: Filter chain for pre-processing of thermal images

The steps in the pre-processing are:

Establishing communication between the IR camera and the system and enable data storage in the
server.

Set the camera the field of view (FOV) to the neonate placed inside the incubator.
Adjust the focus and frames per second (FPS) of the camera.

Acquire the raw data from the camera iteratively. The raw data is a 320x240 matrix with each element
being a 16-bit unsigned integer. So the total size of each frame would be around 153.7 KBytes(size of
matrix x 2Bytes for each element).

Using heat map transformation to translate the raw data into displayable image.
Normalize raw data value so it can be processed easier.

Select and track global and local region of interest (ROI).
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Calculate the temperature from the raw data of the ROI.
¢ Combine image data and sensor data from the incubator and synchronize the timestamp.
¢ Compensate thermal error from of the temperature calculation based on the incubator data.

¢ Send the results to the server.

5.1. Data Normalization

Raw data received from the camera is 16-bit integer, ranging from 0 to 65.535 integer value. However, in
normal condition where the temperature of objects inside the frame is around 20-40 °C, the raw data values
are around 18.000 - 21.000 integer. Then, we can normalize the value into float value (between 0 to 1) with
the maximum and minimum value from the whole frame. It will be easier to processed.
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Figure 5.2: Raw data maximum value from 20 seconds video of unmoving person

However, since we know there is noise coming from the camera, the maximum and minimum value will go
up and down with the noise, causing unstable normalized value. Moreover, from several observation, there
is no recognizable pattern in the noise. To solve this, the normalization has to be done once rather than per
frame. The average maximum and minimum value from several frames (e.g. 9 frames or 1 second) can be
used as a maximum and minimum threshold for the normalization for the measurement. It will make the
pixel normalized value more stable and help with the tracking process.

5.2. Global and Local ROI Tracking



Respiratory and Heart Rate Monitoring
Algorithm

After the pre-processing part of the algorithm provides with the ROI's temperature after tracking and noise
compensation, it will use this information to extract the information about the heart rate and the breath rate
of the subject in the FOV.

6.1. Respiration Rate Measurement using Thermal Imaging

Among the non-contact method of measuring respiratory rate in thermal imaging, the most commonly used
methods involve either monitoring the chest movement[52] or measuring the temperature activity of the
nasal cavity region using an IR camera(3, 20, 64, 65]. As we exhale, the temperature of the nostrils goes up
while the temperature is lower during inhalation. The heat flow rate of each respiration cycle; as shown in [2],
is written as

QRR(I) = Qrad(t) + Qcony(f) + Qevap(t) + Qperf(t) + Qlatent(t) (6.1)

where;
* Q,qa(t) =rate of heat dissipation between the air flow and the nasal surface
* Qcony(t) =rate of heat dissipation between the nasal inner lining and air flow
. Qevap(t) = rate of heat dissipation because of evaporation at the nasal surface
J Qpe, r(£) =rate of heat dissipation because of blood perfusion
* Qjaten:(t) = rate of heat dissipated because of latent heat loss through air flow

After monitoring the thermal activity of the nose and keeping a record of the change in average temperature
over the duration, the frequency analysis of the signal is performed. The frequency component with the max-
imum power in the relevant frequency range would be the breath rate. The breath rate of a neonate lies in the
range of 40-60 breaths/min[1, 30] or 0.667-1.000Hz. The adults breath rate lies around 10-40 breaths/min[20]
or 0.167-0.667Hz but in stable conditions they lie around 12-24 breaths/min([30, 68] or 0.200-0.400Hz. Iden-
tifying which frequency component has the maximum power in these ranges provides us with the calculated
breath rate. This methods also allows to monitor for conditions like breathing arrhythmia or sleep apnea.
However, there are a few disadvantages of using this method on neonates in incubators;

1. Neonates have low lung volume, so they may not exhale enough heat or air to be detected by the IR
camera

2. The nasal aperture is very small, about 0.08cm?[2] which may be hard to locate and track
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3. The neonate might have a ventilator mask attached around the face or the nose. This will make reading
from the nostrils a very difficult task. This also applies in case of adults. In these cases, monitoring
chest movement will be able to provide better results[52].

4. The neonates might keep moving their faces around, i.e. not keeping it steady or in the same position.
This makes it difficult to track the position of the nostrils and read from them. Face detection or differ-
ent tracking methods are used to track the nostrils and make the algorithm motion robust(3, 20, 64, 65].

In [30], a different approach on monitoring respiration rate in neonates and adults is proposed. Instead
of looking for specific ROI like nostrils or chest region, this algorithm proposes a black-box approach and
considers the whole frame as its ROI and divides it into many equal sections; as shown in 6.1. The respiratory
signal was extracted for each ROI and then analyzed with regard to its quality. Finally, suitable ROIs were
automatically selected and information was fused in order to get robust estimations for respiration rate. By
using a signal quality index and some sensor fusion techniques, the algorithm selects the ROI's responsible
for good quality signals.

iy g
'l, ) ,', )
Signal Quality Index
Sensor data fusion

|

Figure 6.1: Respiration monitoring over the whole frame as mentioned in [30]

For this algorithm, there are three filter bands;
e Low-Pass (LP): f < 0.1Hz,
e Band-Pass (BP): 0.1Hz < f < 3 Hz,
* High-Pass (HP): f > 3 Hz.
In order to determine the quality of the signal from the ROI, a signal quality index (SQI) in equation6.2 was

empirically developed for this algorithm, as mentioned in [30];

1-[xF+1x(Fi+F)|,ifF4=z2

1 , (6.2)
1-35*(F1+ ), otherwise

SQIZ{

where F1-F4 are taken from the normalized spectrum after frequency transformation of the signal;
¢ F1is to the maximum within the HP-band.
* F2is the percentage of values in the HP-band larger than a specified threshold
¢ F3is the difference between maximum in the BP-band and maximum in the LP-band
* F4is the ratio between the maximum in LP-band and maximum in BP-band
Then the output provided by SQI will be fed to three different sensor fusion methods;
¢ Median: Calculate median frequency for all ROIs
¢ Best SQI: Take ROI with the maximum SQI

* Bayesian Fusion: Using Bayes Law to get a posterior probability estimation
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H Algorithm Frame Rate(Hz/fps) Frame Resolution Sampling Duration(sec) H
Frequency analysis of all ROIs in a frame [30] 30 1024x768 15
Thermal activity of the nose [66] 30/60/115 640x512 34
Thermal activity of the nose and mouth region [67] 10 640x480 30

Table 6.1: System specifications of Respiration Monitoring Methods using LIWIR

The method in [30] is a probabilistic approach that provides respiration rate without tracking any anatomical
landmarks, making it a very robust algorithm with RMSE of 4.15 + 1.44 bpm. However, the number of compu-
tations it performs per frame; considering all ROI’s along with their frequency domain behaviours and sensor
fusion of their results, makes it a very computationally intensive algorithm. Also, [30] did not explore on the
possibility of which ROIs were responsible for providing valid results. This possibility can be further explored
in the experiments for this project.

In table.6.1, the system parameters used by most of the systems for monitoring breath rate are provided to
demonstrate the range of system requirements that have been used for respiration monitoring in LWIR. Most
of the algorithms; including the ones in table.6.1, have a sampling rate higher than 30 fps with one exception
and frame resolution higher than 640x480. Given that the FLIR SC305 camera has a maximum frame rate of
9Hz and frame resolution of 320x240, our experiments concerning breath rate measurements will be centred
around the following objectives;

¢ Reducing frame rate, frame resolution or sampling duration for measuring breath rate.

¢ Exploring the possibility of breath rate measurement from ROIs other than the nose.

6.2. Heart Rate Measurement using Thermal Imaging

Among the methods for measuring heart rate through IR camera, using thermal analysis on the regions with
the superficial blood vessels under the skin is one of the most commonly used methods for all IR ranges. As
seen in fig.6.2, the major blood vessel complex on the upper body are clearly visible from an IR camera. The
images in fig.6.2 are take from a MWIR camera[15]. The same method can also be used for acquiring heart
rate from a LWIR camera [21, 66, 68], .

Figure 6.2: Thermal imaging of the carotid, superficial and radial vessel complex respectively [15]

Instead of isolating the blood vessels; as shown in fig.6.2, methods involving remote photoplethysmogra-
phy(PPG) isolate relevant ROIs like the forehead, cheek, neck etc and track these instead[69, 70]. Face de-
tection and tracking also helps the algorithm to be motion robust and this can be done in all ranges of IR
recordings.

After isolating these relevant regions, the average temperatures of these ROIs are recorded. In order to acquire
the heart rate, frequency analysis of the signal is performed and the frequency component with the maximum
power in the relevant frequency range is to be identified. The heart rate of a neonate lies in the range of 120-
180 bpm[1] or 2.000-3.000Hz. The adults heart rate lies around 40-100 bpm[15] or 0.667-1.667Hz but in stable
situations the resting heart rate of an adult lies around 60-100 bpm[68] or 1.000-1.667Hz. Identifying which
frequency component has the maximum power in these ranges provides us with the calculated heart rate.

In table.6.2, the system parameters used by most of the systems for monitoring heart rate are provided to
demonstrate the range of system requirements that have been used for heart rate monitoring in LWIR. Al-
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H Algorithm Frame Rate(Hz/fps) Frame Resolution Sampling Duration(sec) H
Frequency analysis of Forehead [69] 27 640x480 10
Temperature analysis of facial blood vessels [66] 30/60/115 640x512 34
Temperature analysis of neck blood vessels [21] 12 320x240 30
Wavelet analysis of Forehead [68] 100 640x512 -

Table 6.2: System specifications of Heart Rate Monitoring Methods using LWIR

most all algorithms for heart rate monitoring use a sampling rate higher than 25Hz and most algorithms use
a sampling duration of 30sec. In case of monitoring thermal activity of blood vessels, the accuracy of the
measurements range around 85-95% in MWIR[15] but in some methods using IWIR have provided accuracy
around 95% and higher[21, 66] with average RMSE of 2.83[66]. Methods that have used rPPG instead of mon-
itoring the blood vessels also have provided accuracy around 95% with average RMSE of 2.83[71]. However
most of rIPPG methods to extract heart rate have been used for RGB or NIR videos. One method in LIWIR
used rPPG[69] for the extraction of heart rate by monitoring the forehead but it gave a RMSE of 33.18. Given
that all other methods used a sampling duration of 30 sec but the algorithm in [69] used a 10 sec window, it
might be because of the lower sampling duration despite having the sampling frequency in the same range
as the other algorithms. For our experiments, we will be considering a sampling duration of 15-30 sec; as the
FLIR SC305 camera has a maximum frame rate of 9Hz and frame resolution of 320x240, with exploring the
following objectives;

¢ Reducing frame rate, frame resolution or sampling duration for measuring heart rate compared to other
algorithms.

» Exploring the possibility of heart rate measurement from ROIs other than the Face or by isolating the
blood vessels.

6.3. Experiments and Recording

The recordings were performed in the hall available in the 3mE building of TU Delft. Due to the COVID-19
pandemic it was not possible to take recordings of the neonates in the incubators as any external contact
could endanger them. In order to test the algorithm, the recordings of adults were taken instead. There were
two sets of measurements performed months apart from each other;

1. Recordings of 1 min duration on 5 test subjects; age ranging from 24-60 years, at 9 Hz/fps. A DSPHG
was used to measure the heart rate of the subject during the recordings. Only one measurement of
the heart rate was taken by the measurement device for the whole duration of the measurement. The
ROIs considered for this measurements are face, neck, leg, arm, chest and back and there were a total
of 40 recordings. The environment conditions i.e the atmospheric temperature and the humidity of the
room were also measured during the recordings using the BME280 sensor.

2. Recordings of 2 min duration on 6 test subjects; age ranging from 24-60 years, at 9 Hz/fps. The Sure-
Signs VM6 ECG was used to measure the heart rate and the breath rate of the subject during the record-
ings. The ECG stored the measurements in a .xIs file every 15 sec; after averaging the values for the
previous 15 sec. The ROIs considered for this measurements are face, neck, leg, arm, chest and back
and there were a total of 60 recordings. Some of the recordings also contained movements in order
to test the motion-robustness of the algorithm. The environment conditions i.e the atmospheric tem-
perature and the humidity of the room were also measured during the recordings using the BME280
sensor.

Each of these experiments were analyzed differently and their results will be discussed in details in the next
sections.The humidity and atmospheric temperature are recorded to give it as an input to the temperature
calculation in the pre-processing part of the filter chain. Then the pre-processing filter chain provides with
the average temperature of the ROI that has been selected along with the epoch timestamp of when the frame
was taken. This provides us with a time-list of the data which is provided as an input to the vitals monitoring
algorithm; as shown in fig.6.3. The respiration and heart rate monitoring filterchain was designed based on
the photoplethysmography(PPG) and the spectral analysis principles that were used for monitoring these
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vitals; as shown in table.6.1 and table.6.2.
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Figure 6.3: Vitals Monitoring Filter Chain

The recordings were given as an input to the front-end shown in fig.3.5 during the simulation so that the ROIs
in the recordings can be user selected. After the recordings were given as input to the front-end shown in
fig.3.5, the following procedure was followed for testing and generating results;

1. The humidity and atmospheric temperature were given as inputs to the front-end GUI in fig.3.5.

2. The ROI was selected manually for the recording. ROIs that were considered in the recordings are
shown in fig. 6.4.

3. The measurements of the ROI begin after it is selected and the time-list of the average temperature of
the ROI is created.

4. In the vitals monitoring filter chain; shown in 6.3, if the length of the time-list is greater than the speci-
fied sampling duration, then the algorithm proceeds with the next step or else it continues appending
to the time-list.

5. Once the time-list is viable for calculation, it proceeds with the cubic spline interpolation to compen-
sate for the inconsistencies in timing between samples.

6. Spectral analysis is performed on the interpolated list to calculate the PSD of the signal i.e determine
which frequency components are present in the acquired signal.

7. Peak detection is performed on the PSD to determine the active frequency components present. After
they are identified, they are split into the relevant frequency ranges for heart/breath rate calculation.

8. The frequency component with the maximum amplitude in the relevant frequency range for heart/breath
rate calculation is identified and these results are sent to the server.

After the simulation is complete, the output of the algorithm; even for different spectral analysis methods,
are stored in their respective csv files along with their epoch timestamps so that they can be compared in the
future.
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Figure 6.4: Different ROIs selected on the face, chest, back, legs and biceps



Analysis of the Experiments with Digital
Sphygmomanometer

The first set of recordings were performed using a DSPHG. The subject was told to be still and in upright
position and the DSPHG was cuffed to the arm. As the device took 30 sec to provide with an output and the
recordings were for 1 min duration, there was only one measurement for the heart rate of the subject during
the recordings. Breath rate was not measured for these recordings. The following parameters were considered
for the spectral analysis of the signal;

¢ The minimum length of the time-list needed i.e. the sampling duration for processing was tested from
5-25 sec. As the recordings were done at 9Hz, this gives us 45-225 samples every time the signal is
analyzed.

* The spectral analysis methods considered for this experiments were;
1. Standard Periodogram using Hamming/Hann Window and no zero-padding

2. Welch Periodogram using Hamming/Hann Window and no zero-padding with each segment length
of 80% length of the original signal and sliding of 1 sample

3. Standard Periodogram using Hamming/Hann Window and no zero-padding after the signal was
smoothened using a moving average filter of length 2

4. Welch Periodogram using Hamming/Hann Window and no zero-padding with each segment length
of 80% length of the original signal and sliding of 1 sample after the signal was smoothened using
a moving average filter of length 2

5. Standard Periodogram using Hamming/Hann Window and no zero-padding after the signal was
smoothened using a kalman filter

6. Welch Periodogram using Hamming/Hann Window and no zero-padding with each segment length
of 80% length of the original signal and sliding of 1 sample after the signal was smoothened using
a kalman filter

7. Lomb-Scargle Periodogram before/after the cubic spline interpolation was applied to the signal

8. Lomb-Scargle Periodogram after the cubic spline interpolation was applied to the signal and the
signal was smoothened using a moving average filter of length 2 or a kalman filter

* For the heart rate measurement, the range of frequencies that were being monitored were 45-120 bpm
or 0.750-2.000Hz.
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7.1. Analysis of Different Spectral Analysis Methods

As mentioned earlier, there were 16 spectral analysis methods that were considered. As the DSPHG took 15
sec to calculate the heart rate, for the first analysis we have used a 15 sec window. In the results, there will be
two different phases;

* During Measurement: This is the duration when the DSPHG is calculating the heart rate during the
recording.

» After Measurement: This is the instance when the DSPHG is done calculating and provides the heart
rate. The values being compared in the results will be from this instance when the values were provided.

The Standard and Welch Periodograms using Hamming/Hann windows provided with the best results. For
one of the recordings, the face of the subject is being monitored and the heart rate recorded during the record-
ing was 60 bpm. The output of these methods range from 58.8-60.4 bpm providing us with an error of 0.4-1.2
bpm(see fig.A.1 in appendix).

As seen in fig.7.1 during measurement; the values are significantly higher as compared to when the measure-
ments were taken and then varies a few seconds after they have been measured. This happens because of
the method the DSPHG employs for measuring the heart rate. As it blocks the blood vessel and then slowly
releases pressure, this can cause stress on the heart and the blood vessels. The device takes 30 sec to measure
the heart rate which is a significant duration, this can effect the measurements and show up as a higher or
very low heart rate. This results are also visible for other recordings too (see fig.A.2 in appendix). The com-
parison of Welch Periodograms with Hamming window for 15 sec on different subjects is shown in fig.7.1
including the change in heart rate because of the DSPHG.
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Figure 7.1: Results of monitoring ROIs on the face for different subjects with recorded heart rate of (1) 60 bpm (2) 48bpm.

In case of using the Lomb-Scargle Periodogram, the results show similar behaviour as compared to Standard
and Welch Periodogram but is more noisy(see fig.A.3, fig.A.2 and fig.A.1 in the appendix). This behaviour is
visible in all cases of using the Lomb-Scargle method.

In fig.7.2, it can be seen that increasing the sampling duration to 25 sec for the Lomb-Scargle method can
provide less noisy results. However, as the results in the after measurement duration is similar to that of using
the Welch method for 15 sec duration; as seen in fig.7.1(1). So, it is preferable to use the Welch method over
Lomb-Scargle method.

Using the Welch Periodogram after smoothing the signal using a moving average and kalman filter also does
not show significant change in result for most of the test cases( see fig.A.5 in appendix). As Welch Periodogram
was already averaging the signal in the frequency domain, averaging it again in the time domain is not nec-
essary. Therefore, the Welch Periodogram was preferred for further analysis of the recordings and also for
analysis in the second set of recordings using the ECG.
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Figure 7.2: Results of monitoring ROIs on the face (same signal as fig.7.1(1)) using Lomb-Scargle Periodogram for (1) 15 sec, (2) 25 sec.

7.2. Analysis of Different Window Size

As mentioned earlier, the window size for the signal was taken from 5-25 sec. This was done to check what
would be the minimum duration required to get a viable signal. The window size is also the delay between
when the measurements were started and when we start getting the output of the algorithm, implying that
the window size needs to be as small as possible. Taking into account the fluctuations in readings caused by
the DSPHG, the cases with measured heart rates between 45-90 bpm were considered. The results of using
different window lengths can be seen in fig.A.6 in the appendix.
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Figure 7.3: Accuracy v.s. Length of time window

Using the 5 sec window provides us with very noisy results. It's not until the window size is around 12.5 sec
until we start seeing more stable results and they results appear to be consistent after 15 sec ( see fig.A.6 in
appendix). Taking into account the values that have been observed in the after measurement duration, there
is high error if the window length is 5 sec but it drops as it’s increased and it saturates at 15 sec. In fig.7.3, the
accuracy of the results are compared with the time window’s length showing how the accuracy saturates at 15
sec with close to 97% accuracy. Therefore it is convenient to have at least 15 sec of signal before using it for
analyzing the results.

7.3. Analysis of Different ROIs

The ROIs that were monitored are the face, chest, back, legs and hand; as shown in fig.6.4. As mentioned in
the earlier sections, the output is calculated using the Welch Periodogram with the Hamming window and a
length of 15 sec. Table A.1 in the appendix gives the comparison of the measured and calculated values for
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different ROIs. In most of the cases the accuracy of the results are above 90% but in case of using the chest or
the back as the ROI the values gave higher error as compared to the face or hands and legs. However, most of
the readings from the face give an average error of 1.8 bpm with an average accuracy of 97%. Even the arm
and the leg give a higher accuracy as compared to the chest and the back. As seen in fig.6.2, the superficial
blood vessels are more easily visible in the face and the limbs.

So it is possible that the presence of these blood vessels in the region being monitored provided better results
than the one where they were not present. So, the face, arms and the legs would be a more suitable ROI for
monitoring the heart rate of the subject. This observation will be tested again in the second set of experiments
done with the ECG.



Analysis of the Experiments with VM6
SureSigns ECG

The second set of recordings were performed using the VM6 SureSigns ECG. The electrodes of the ECG device
were connected to the subject as shown in fig.3.1. The duration of each recording was 2 min and the ECG
recorded the average of 15 sec of data every 15 sec for both heart and breath rate. Some of the recordings
also contained videos with movement in order to test the motion robustness of the algorithm. The following
parameters were considered for the spectral analysis of the signal;

¢ The minimum length of the time-list needed i.e. the sampling duration for processing was tested from
16-31 sec. As the recordings were done at 9Hz, this gives us 144-279 samples every time the signal is
analyzed.

e The Welch Periodogram was used to analyze the output of this method with the following parameters;

1. For all cases, the length of the segment chosen was 1 sec less than the length of the signal with
sliding for every sample. E.g if the signal was 16 sec or 144 samples long, then for Welch analysis
the signal was divided into 15 sec or 135 samples overlapping chunks with sliding of 1 sample
between segments. This is done to reduce the white noise in the signal but not compromise on
the frequency resolution.

2. Both cases of channelized and non-channelized signals were considered. For channelized signals,
the number of bands used were 2, 4, 8, 16 and 32.

3. The following windowing methods were considered;
(a) Boxcar
(b) Triangular
(c) Hamming
(d) Hann
(e) Bohman
(f) Parzan
(g) Nuttall
(h) Flattop
(i) Blackman-Harris
(j) Bartlett-Hann
(k) Kaiser (8=4,8,12)
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(I) Chebwin (at=100dB)
(m) Tukey (a =0.8,0.5)

4. For non-channelized signal, zero-padding was performed for 0-4 times the length of the signal; 0
times zero-padding implies that no zero padding was done. For channelized signal, zero-padding
was performed for 0-2 times the length of the signal. The results for the channelized signal was
not calculated when the nose was taken as the ROI.

¢ For the heart rate measurement, the range of frequencies that were being monitored were 54-90 bpm
or 0.900-1.500Hz. For the heart rate measurement, the range of frequencies that were being monitored
were 6-30 bpm or 0.100-0.500Hz.

8.1. Calculating Breath Rate

In order to analyze the breath rate from the thermal recordings, two different situations were considered;

¢ Monitoring the thermal behaviour of the nose. This is only possible for videos where the face and the
nostrils are visible.

¢ Monitoring the thermal behaviour of the ROIs other than the nose. This is done to see if the thermal
behaviour of other ROIs are comparable to the results from the ECG. For face videos, this will be used
to compare how similar the results from the other ROIs is similar to that of the ECG and the nose.

In case of monitoring the nose and mouth region as the ROI for a 20 sec duration, all windowing methods
appear to give quiet similar results except the Flattop window which seems to give a more erroneous result
(see fig.B.1 and fig.B.2 in appendix). The Flattop window has provided with the worst results while most of
the other windows provide a more desired output.

When the window length is 30 sec, all the windowing methods appear to provide the results similar to the
ECG measurements. However, after reducing the window length to 20 sec, only Kaiser ( = 12) and Hamming
window seem to provide better results. For 20 sec window length, other windowing methods like Bohman,
Parzan, Nuttall and Dolph-Chebyshev(Chebwin) also provide better results( see fig.B.7 in appendix). None
of the windowing methods were able to provide reasonable results at 15 sec window length and no zero-
padding. After using zero-padding; the Kaiser (8 = 12) widow of 15 sec length the results are comparable to
using a 20 sec window ( see fig.B.8 in appendix).

The effect of using different window lengths for windows can be seen in fig.B.3,B.4,B.5,B.6 in the appendix.

So, zero-padding the signal can help reduce the minimum size of the window needed for better results but
only for one time the length of the original signal otherwise it seems to make the results more noisy. The same
improvement in the results can also be seen for other windowing methods like Bohman, Parzan, Nuttall and
Dolph-Chebyshev(Chebwin)( see fig.B.9 and fig.B.10 in appendix). The average RMSE of these methods can
be seen in table.8.1.

Window Bohman Parzan Nuttall Kaiser (8 =12) | Dolph-Chebyshev
Average RMSE(bpm) || 1.814+0.889 | 2.009+0.846 | 1.901+0.791 1.874+0.791 2.037+0.848

Table 8.1: Average RMSE for monitoring the nose for a window of 15 sec and zero-padding once the length of the signal.

There were a few results where the ECG provided with invalid measurements and that were visible in some
of the analysis (see fig.B.16 in appendix) that the measurements follow the pattern of the ECG but with a
significant offset. This happens because;

¢ ECG electrodes are not connected properly to the subject
¢ Subject being monitored was talking and/or laughing during the recordings

These faulty recordings were not used for breath rate analysis. However, they still provided viable heart rate
measurements which will be used for analysis later.

In case of monitoring ROI’s other than the nose, none of the results are comparable to that of the ECG record-
ings or from monitoring the nose. As shown in fig.8.2, there is no improvement in results despite using a 30
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Figure 8.1: Results of monitoring breath rate from the nose using Kaiser (8 = 12) window of 15 sec and zero-padding of once the length
of the original signal

sec window or zero-padding. This is the same case despite using a channelizer or for other window lengths
and irrespective of the ROIs other than the nose and mouth region that have been taken into consideration
(see fig fig.B.12, fig.B.11, fig.B.10, fig.B.13, fig.B.14 and fig.B.15 in appendix).
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Figure 8.2: Results of monitoring the breath rate from (1) the nose, (2) ROIs other than the nose; for the same recording using Kaiser
(B =12) window of 30 sec and zero-padding of once the length of the original signal

As the other ROIs didnot provide reasonable results despite the use of different windowing methods, zero-
padding and channelizer; monitoring the thermal activity of the nose is preferable for monitoring the breath
rate as it would be easier to get results and it would react faster to any change in the breath rate. In table
8.1, the average RMSE of the best performing algorithms are shown; Bohman, Parzan, Nuttall, Kaiser (§ = 12)
and Dolph-Chebyshev windows of length 15 sec and zero-padding once the length of the signal. This shows
an improvement in terms of computational intensity and performance as compared to algorithms shown in
table 6.1.

8.2. Calculating Heart Rate

For heart rate monitoring, the ROIs considered are the face, leg, chest and back. Unlike analyzing the breath
rate, the nose was not used as an ROL Using a 30 sec window gives results quiet different than the ECG
measurements (see fig.B.17 in appendix). The error between the measured and the calculated values can be
greater than 10 bpm. However,if we use a 15 sec window instead, the Flattop window is able to provide bet-
ter results when compared to the other windowing methods for different subjects and ROI as seen in fig.8.3.
The average RMSE of these favourable results is around 4.246+0.659 bpm. See fig.B.18, fig.B.19, fig.B.20 and
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fig.B.23 in the appendix for results from more test cases.
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Figure 8.3: Results of monitoring the heart rate from (1) the face, (2) the back; using Flattop window of 15 sec and no zero-padding.
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Figure 8.4: Results of monitoring the heart rate from the face for subjects different than the ones in fig.8.3 using Flattop window of 15 sec
and no zero-padding.

Looking further into the other recordings, there were cases where despite the Flattop window providing us
the best possible results, the error was still too high. For different cases, the results are either more chaotic
or have a constant error when compared to the ECG recordings; as seen in fig.8.4 (see fig.B.26 in appendix
for more results). The results are consistent despite of using zero-padding or a channelizer (see fig.B.24 and
fig.B.25 in the appendix). The average RMSE for these recordings is 15.224+0.336 bpm which is much higher
compared to the other recordings.

The Flattop window is the only windowing method that was able to better results compared to the other
windowing methods but despite that it was able to give more desired results for only half of the test cases
while the other methods did not work as effectively for any of them. This could be possible either because
of the difference in physiologies of the different test subjects in terms of age and fitness or because of the
lower sampling rate (9Hz) that has been used compared to the other algorithms mentioned in table .6.2. So,
for monitoring the heart rate of the subject using the PPG method used in other researches [68, 69] doesnot
provide valid results for the system and the FLIR camera used for these experiments.
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9.2.

Conclusions

Research Goals

To reduce the system requirements like frame rate or frame resolution for monitoring heart or breath
rate in order to make the algorithm more computationally efficient. Other research have used frame
rates of around 10-60 fps/Hz with a frame resolution of 640x480 or higher. The frame rate used in this
project is around 9 fps/Hz with a frame resolution of 320x240.

To be able to measure breath rate from the nose region and from ROIs other than the nose and compare
to see if they have similar performance so that breath rate monitoring is not dependent on one ROI
unlike previous research[30, 66, 67].

To be able to acquire the heart rate using methods similar to remote photoplethysmography(rPPG)
rather than isolating the superficial blood vessels in the ROI being monitored.

To be able to acquire both heart rate and breath rate from the same ROI (other than the nose) like the
forhead or cheek etc as used in rPPG applications by other research [67-70].

To make the algorithm motion robust by using image processing techniques to track the selected ROI
rather than face recognition as used by other research [67-70].

Research Conclusions

Comparison between the previous research and the implementation used for this project for breath rate mon-
itoring [30, 66, 67] and heart rate [15, 66, 68] are shown in tables.9.1 and 9.2 respectively.

The results of this research are:

This system can calculate the breath rate of the subject by monitoring the thermal activity of the nose
and mouth region at a frame rate of 9 fps and frame resolution of 320x240 pixels for a sampling duration
of 15 sec by using a Welch Periodogram with windowing methods like Bohman, Parzan, Nuttall, Kaiser
(B =12) and Dolph-Chebyshev providing an average RMSE of around 1.814+0.889 bpm. This work has
shown that we are able to calculate the breath rate of a subject with lower frame rate, frame resolution
and sampling duration making it more efficient than that of the previous research[30, 66, 67].

Calculating the breath rate by monitoring the thermal activity from ROIs other than the nose leads to
RMSE of 6.413 + 0.337 bpm which is much higher error than the results calculated by monitoring the
nose and also from the results of previous research[30, 66, 67]. So, it is not possible to get the breath
rate of the subject by monitoring ROIs other than the nose.

The photoplethysmographic (PPG) method of monitoring the heart rate from thermal recordings in this
system gave mixed results. The best performance was provided by using the Flattop window of 15 sec
length and no zero-padding with results having RMSE of 4.246 + 0.659bpm in the best case scenarios
and around 15.224 £ 0.336 bpm in the worst case scenarios; accuracy in range of 75-95%. These results
are not better than the previous research[15, 66, 68] which gave an RMSE around 2.8 bpm. This may be
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Previous Research

Project’s Current Implementation

Only monitored the thermal activity of the nose, other
ROI was not explored extensively (only chest move-
ment)

ROIs ranging from face, chest, back and arms/legs
were also considered

The ROI tracking involved face recognition

A different and less computationally intensive ROI
tracking algorithm was used

Spectral analysis methods included either wavelet
transform or a Standard Periodogram using Ham-
ming/Hann window

The Standard, Welch and Lomb-Scargle Periodograms
were considered with 16 different windowing meth-
ods, zero-padding and channelizer

Distance between the camera and the subject was
around 1.2m

Distance between the camera and the subject was
around 1.2-1.5m

Frame rates used was around 10-60 fps

Frame rates used was around 9 fps

Frame resolution is atleast 640x480 fps

Frame resolution is 320x240

Almost all the research has used at least 30sec of sam-
pling duration to get an error of 2.2 br/min. Those that
used 15sec sampling duration had RMSE of around
4.15+ 1.44 br/min

Achieved RMSE of around 1.814 + 0.889 br/min using
a 15sec sampling duration

Table 9.1: Comparison of breath rate algorithms with other research

H

Previous Research

Project’s Current Implementation

Monitored ROI mostly on the face like the forehead,
neck or the cheek and in some cases the hand

ROIs ranging from face, chest, back and arms/legs
were also considered

The ROI tracking involved face recognition

A different and less computationally intensive ROI
tracking algorithm was used

Heart rate was calculated by either isolating blood ves-
sels from the recordings or just selecting a specific ROI
region like the forehead or cheek and then perform-
ing frequency analysis i.e. remote photplethysmogra-
phyPPG)

All the ROIs were analyzed using rPPG method

Spectral analysis methods included either wavelet
transform or a Standard Periodogram using Ham-
ming/Hann window

The Standard, Welch and Lomb-Scargle Periodograms
were considered with 16 different windowing meth-
ods, zero-padding and channelizer

Distance between the camera and the subject was
around 1.2m

Distance between the camera and the subject was
around 1.2-1.5m

Frame rates is around 15-60 fps for rPPG

Frame rates used was around 9 fps

Frame resolution is atleast 640x480 for rPPG

Frame resolution is 320x240

Only ECG was used to measure heart rate

ECG and digital sphygmomanometer was used

Used sampling duration of 30sec to get an average er-
ror of 2.8 bpm

Using digital sphygmomanometer gave error of get an
average error of 1.8 bpm but the ECG gave RMSE of
atleast 4.246 + 0.659 bpm

Table 9.2: Comparison of heart rate algorithms with other research

because of the lower sampling rate of the setup. So for the current limitations of the setup used for the
research, the PPG method of monitoring the heart rate will not provide valid results[9, 59].

* The breath rate monitoring is dependent on the nose region to provide with less error and faster re-
sponse as compared to other ROIs. This eliminates the possibility of measuring breath rate from moni-
toring the thermal activity of ROIs other than the nose. This also eliminates the possibility of acquiring
both heart and breath rate from other ROIs simultaneously for the setup used in this project.

e The average error of measuring heart rate using a digital sphygmomanometer (DSPHG) is 1.8 bpm
with an average accuracy of 97%. However, the auscultatory method of monitoring heart rate used by
a DSPHG contributes to the temperature fluctuations which in turn contributes to the final output. So,
it is important to use a vitals monitoring device which does not affect the output of the experiments;



9.3. Recommendations for Future Work 79

9.3

making ECG a more viable option for monitoring.

Recommendations for Future Work
Creating more thermal recordings for both neonates and adults can help test the algorithm for multiple
situations.

Investigating the possibility of acquiring breath rate from ROIs other than the nose over more number
of test cases.

Investigating the effect of distance on the accuracy of the measurements and exploring the maximum
possible range for test cases in a closed room and open room situation.

Investigate if a higher frame rate for the spectral analysis methods used in this project improves the
performance of the method used for heart rate measurement in thermal imaging.

Exploring using the other spectral analysis methods like Polyphase-FFT Filter Bank,Welch or Lomb-
Scargle Periodograms with different windowing methods for non-contact monitoring of other vitals
like HRV, blood pressure or SPO2 in both RGB and thermal imaging.

Improving the working of the ROI tracking algorithm could improve its speed and reduce computa-
tional load.
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Brute-Force

Beats/Breaths per Min

Binary Robust Independent Elementary Features
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Comma-Separated Value
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ECG
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FFT
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FOV
FPS
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GUI
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Power Spectral Density
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Scale Invariant Feature Transform
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Appendix: Results of Experiments with
Digital Sphygmomanometer
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Figure A.1: Results of monitoring ROIs on the face with recorded heart rate of 60 bpm and a 15 sec window was used.
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HR using Hamming Welch
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Figure A.2: Results of monitoring ROIs on the (1)face (48 bpm), (2)right leg (65 bpm), (3)chest (81 bpm), (4)back (87 bpm). A 15 sec

window was used.
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HR using Lomb-Scargle before Interpolation
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Figure A.3: Results of monitoring the same ROIs and signal as shown in fig.A.1
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Figure A.4: Results of monitoring the same ROIs and signal as shown in fig.A.1 but using a 25 sec window instead of 15 sec
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HR using Hamming Welch after Averaging
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Figure A.5: Results of monitoring the same ROIs and signal as shown in fig.A.1 after the signals have been smoothened using either a
moving average or a kalman filter.
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Figure A.6: Results of monitoring the same ROIs and signal as shown in fig.A.1 but using window length other than 15 sec; (1) 5 sec, (2)
7.5 sec, (3) 10 sec, (4) 12.5 sec, (5) 17.5 sec, (6) 20 sec, (7) 22.5 sec, (8) 25 sec
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ROI | Measured Heart Rate(bpm) | Calculated Heart Rate(bpm) | Error(bpm) | Accuracy(%)
Face 48 48.1 0.1 99.79
Face 48 48.8 0.8 98.33
Face 53 53.4 0.4 99.24
Face 53 54.4 1.4 97.35
Face 60 58.8 1.2 98.00
Face 60 64.1 4.1 93.16
Face 68 64.1 3.9 94.26
Face 68 68.5 0.5 99.26
Face 69 69.5 0.5 99.27
Face 69 64.1 4.9 92.89
Face 70 74.8 4.8 93.14
Face 70 69.5 0.5 99.28
Face 75 69.5 5.5 92.66
Face 75 74.8 0.2 99.73
Face 76 80.1 4.1 94.60
Face 76 74.8 1.2 98.42
Face 82 85.5 3.5 95.73
Face 82 77.9 4.1 95.00
Face 82 86.9 4.9 94.02
Face 92 90.8 1.2 98.69
Face 92 96.2 4.2 95.43
Face 95 96.2 1.2 98.73
Face 95 95.7 0.7 99.26
Hand 60 58.8 1.2 98.00
Hand 60 64.1 4.1 93.16
Hand 71 69.1 1.9 97.32
Hand 71 74.4 3.4 95.21
Hand 76 75.6 0.4 99.47
Hand 76 74.8 1.2 98.42
Hand 76 78.5 2.5 96.71
Hand 85 85.5 0.5 99.41
Hand 85 80.2 4.8 94.35
Leg 65 64.1 0.9 98.61
Leg 65 63.7 1.3 98.00
Leg 73 69.5 3.5 95.20
Leg 73 74.8 1.8 97.53
Leg 75 74.4 0.6 99.20
Leg 83 85.5 25 96.98
Leg 84 79.7 4.3 94.88
Leg 84 85.5 1.5 98.21
Chest 81 74.8 6.2 92.34
Chest 81 79.7 1.3 98.39
Chest 81 69.5 11.5 85.80
Chest 91 85.2 5.8 93.63
Chest 91 79.9 11.1 87.80
Back 87 74.8 12.2 85.98
Back 87 70.5 16.5 81.03
Back 80 85.7 5.7 92.87
Back 80 85.5 5.5 93.12
Back 80 87.7 7.7 90.30
Back 80 74.6 5.4 93.25
Back 80 85.8 5.8 92.75
Back 90 85.5 4.5 95.00
Back 90 85.7 4.3 95.22
Back 90 102.1 12.1 86.56

Table A.1: Results from Different ROIs in different recordings
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Figure B.1: Results of monitoring uniform breath rate from the nose using different windowing methods with window size of 20 sec and

no zero-padding
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Figure B.2: Results of a recording with changing breath rate by monitoring the nose using different windowing methods with window

size of 20 sec and no zero-padding
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Figure B.3: Results of a recording with changing breath rate by monitoring the nose using Hamming window over window size of (1) 15

sec (2) 20 sec (3) 25 sec (4) 30 sec; and no zero-padding
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Figure B.4: Results of a recording with changing breath rate by monitoring the nose using Flattop window over window size of (1) 15 sec
(2) 20 sec (3) 25 sec (4) 30 sec; and no zero-padding
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Figure B.5: Results of a recording with changing breath rate by monitoring the nose using Kaiser (f = 12) window over window size of (1)
15 sec (2) 20 sec (3) 25 sec (4) 30 sec; and no zero-padding



99

30

Tukey 0.5 BR

25 4

N
o

151

Breath Rate (bpm)

10 A

—— Nose
— ECG

30

240

2(‘:‘»0 2é0 360 3&0 34'10 3(‘:‘»0
Epoch Timestamps (sec) +1.616441e9

Tukey 0.5 BR

25 A

N
o

15 A

Breath Rate (bpm)

10 A

—— Nose
— ECG

260

280 300 320 340 360
Epoch Timestamps (sec) +1.616441e9

Breath Rate (bpm)

Breath Rate (bpm)

Tukey 0.5 BR
30
—— Nose
—— ECG

25

20 A

154

104

5

0 T T T T T T T

240 260 280 300 320 340 360
Epoch Timestamps (sec) +1.616441e9
Tukey 0.5 BR
30
—— Nose
—— ECG

254
20 -
1519
10

5

0 T T T T T

260 280 300 320 340 360

Epoch Timestamps (sec) +1.616441e9

Figure B.6: Results of a recording with changing breath rate by monitoring the nose using Tukey (a = 0.5) window over window size of (1)
15 sec (2) 20 sec (3) 25 sec (4) 30 sec; and no zero-padding
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Figure B.7: Results of a recording with changing breath rate by monitoring the nose using 30 sec window and no zero-padding with
windowing methods (1) Bohman (2) Parzan (3) Nuttall (4) Dolph-Chebyshev(Chebwin)
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Figure B.8: Results of a recording with changing breath rate by monitoring the nose using 15 sec window and Kaiser (f = 12) with zero-
padding of the signal (x length of the signal) (1) 1 time (2) 2 times (3) 3 times (4) 4 times
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Figure B.9: Results of a recording with changing breath rate by monitoring the nose using 15 sec window and zero-padding once the
length of the original signal, with windowing methods (1) Bohman (2) Parzan (3) Nuttall (4) Dolph-Chebyshev(Chebwin)
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Figure B.10: Results of a recording with changing breath rate by monitoring the nose using 15 sec window and zero-padding once the
length of the original signal, with windowing methods (1) Kaiser (8 = 12) (2) Nuttall
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Figure B.11: Results of monitoring uniform breath rate from ROIs other than the nose using Kaiser (8 = 12) window of 30 sec length and
zero-padding once the length of the original signal and using a channelizer with (1) no bands, (2) 2 bands, (3) 4 bands, (4) 8 bands, (5) 16

bands, (6) 32 bands,
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Figure B.12: Results of monitoring uniform breath rate from ROIs other than the nose using Kaiser (8 = 12) window of 15 sec length and
zero-padding once the length of the original signal and using a channelizer with (1) no bands, (2) 2 bands, (3) 4 bands, (4) 8 bands, (5) 16
bands, (6) 32 bands, using the same signal as fig.B.11
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Figure B.13: Results of a recording with changing breath rate by monitoring the ROIs other than the nose using Kaiser (8 = 12) window of
30 sec length and zero-padding once the length of the original signal and using a channelizer with (1) no bands, (2) 2 bands, (3) 4 bands,
(4) 8 bands, (5) 16 bands, (6) 32 bands,
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Figure B.14: Results of a recording with changing breath rate by monitoring the ROIs other than the nose using Kaiser (8 = 12) window of
30 sec length and zero-padding once the length of the original signal and using a channelizer with (1) no bands, (2) 2 bands, (3) 4 bands,

(4) 8 bands, (5) 16 bands, (6) 32 bands,
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Figure B.15: Results of monitoring breath rate from the chest using Kaiser (8 = 12) window of 30 sec length and zero-padding once the
length of the original signal and using a channelizer with (1) no bands, (2) 2 bands, (3) 4 bands, (4) 8 bands, (5) 16 bands, (6) 32 bands,
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Figure B.16: Results of monitoring breath rate from the chest using Kaiser (8 = 12) window of 15 sec length and zero-padding once
the length of the original signal. In these situations, ECG provided incorrect readings because of (1) Talking and laughing during the

recording (2) Improperly connected electrodes
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Figure B.17: Results of monitoring heart rate from different ROIs on the face, neck and chest using different windowing methods with

window size of 30 sec and no zero-padding



110

Heart Rate (bpm)

Heart Rate (bpm)

Heart Rate (bpm)

Heart Rate (bpm)

Hamming HR
120
—— Neck_2
~—— Forehead_2
110 —— Neck_1
—— Forehead_3
100 1 —— Cheek_1
—— Chest_2
90 —— Cheek_2
—— Forehead_1
~— Neck_3
801 —— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Bohman HR
120
— Neck_2
~—— Forehead_2
110 —— Neck_1
—— Forehead_3
100 1 —— Cheek_1
—— Chest_2
90 —— Cheek_2
—— Forehead_1
~— Neck_3
80 ~— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Kaiser 12 HR
120
— Neck_2
—— Forehead_2
1o —— Neck_1
—— Forehead_3
100 4 —— Cheek_1
—— Chest_2
90 4 —— Cheek_2
—— Forehead_1
~—— Neck_3
80 ~——— Chest_1
—— Chest_3
701 — ECG
60
50
40 - T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Tukey 0.8 HR
120
—— Neck_2
—— Forehead_2
1o —— Neck_1
—— Forehead_3
100 4 —— Cheek_1
—— Chest_2
90 1 —— Cheek_2
—— Forehead_1
~— Neck_3
801 ——— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 - T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9

Heart Rate (bpm)

Heart Rate (bpm)

Heart Rate (bpm)

Heart Rate (bpm)

Hann HR
120
—— Neck_2
—— Forehead_2
110 —— Neck_1
—— Forehead_3
100 1 —— Cheek_1
—— Chest_2
90 —— Cheek_2
—— Forehead_1
~— Neck_3
8o ~—— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 & T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Flattop HR
120
— Neck_2
~—— Forehead_2
110 —— Neck_1
—— Forehead_3
100 1 —— Cheek_1
—— Chest_2
90 —— Cheek_2
—— Forehead_1
~——— Neck_3
80 ~—— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Chebwin HR
120
Neck_2
Forehead_2
1o Neck_1
Forehead_3
100 1 Cheek_1
Chest_2
90 4 Cheek_2
Forehead_1
Neck_3
80 Chest_1
Chest_3
70 A ECG
60
50
40 - T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9
Tukey 0.5 HR
120
— Neck_2
~—— Forehead_2
1o —— Neck_1
—— Forehead_3
100 1 —— Cheek_1
—— Chest_2
90 1 —— Cheek_2
—— Forehead_1
~—— Neck_3
801 ~—— Chest_1
—— Chest_3
70 A —— ECG
60
50
40 - T T T T T T
3900 3920 3940 3960 3980 4000 4020
Epoch Timestamps (sec) +1.61644e9

Figure B.18: Results of monitoring heart rate from the same recording as fig.B.17 using different windowing methods with window size
of 15 sec and no zero-padding
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Figure B.19: Results of monitoring heart rate from different ROIs on the back using different windowing methods with window size of 15
sec and no zero-padding
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Figure B.20: Results of monitoring heart rate from different ROIs on the back of another subject using different windowing methods with
window size of 15 sec and no zero-padding
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Figure B.21: Results of monitoring heart rate from different ROIs on the chest using different windowing methods with window size of 15
sec and no zero-padding
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Figure B.22: Results of monitoring heart rate of a different subject from different ROIs on the chest using different windowing methods
with window size of 15 sec and no zero-padding
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Figure B.23: Results of monitoring heart rate from different ROIs on the leg using different windowing methods with window size of 15

sec and no zero-padding
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Figure B.24: Results of monitoring heart rate from different ROIs on the chest using different windowing methods with window size of 15
sec and zero-padding once the length of the signal with a channelizer of (1) 0 bands,(2) 2 bands,(3) 4 bands,(4) 8 bands, (5) 16 bands, (6)
32 bands.
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Figure B.25: Results of monitoring heart rate from different ROIs on the chest for the same recording as fig.B.24 using different windowing
methods with window size of 30 sec and zero-padding once the length of the signal with a channelizer of (1) 0 bands,(2) 2 bands,(3) 4
bands,(4) 8 bands, (5) 16 bands, (6) 32 bands.
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Figure B.26: Results of monitoring heart rate of different subjects from different ROIs on the face and body using the Flattop window of
size of 15 sec and no zero-padding
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