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Abstract

This thesis explores the contactless estimation of people’s vital signs. We designed two
camera-based systems and applied object detection algorithms to locate the regions of inter-
est where vital signs are estimated. With the development of Deep Learning, Convolutional
Neural Network (CNN) model has many applications in the real world nowadays. We ap-
plied the CNN based frameworks to the different types of camera based systems and improve
the efficiency of the contactless vital signs estimation.

In the field of medical healthcare, contactless monitoring draws a lot attention in the
recent years because the wide use of different sensors. However most of the methods are still
in the experimental phase and have never been used in real applications. We were interested
in monitoring vital signs of patients lying in bed or sitting around the bed at a hospital. This
required using sensors that have range of 2 to 5 meters. We developed a system based on the
depth camera for detecting people’s chest area and the radar for estimating the respiration
signal. We applied a CNN based object detection method to locate the position of the subject
lying in the bed covered with blanket. And the respiratory-like signal is estimated from the
radar device based on the detected subject’s location.

We also create a manually annotated dataset containing 1,320 depth images. In each of
the depth image the silhouette of the subject’s upper body is annotated, as well as the class.
In addition, a small subset of the depth images also labeled four keypoints for the positioning
of people’s chest area. This dataset is built on the data collected from the anonymous patients
at the hospital which is substantial.

Another problem in the field of human vital signs monitoring is that systems seldom
contain the functions of monitoring multiple vital signs at the same time. Though there are
few attempting to work on this problem recently, they are still all prototypes and have a lot
limitations like shorter operation distance. In this application, we focused on contactless
estimating subjects’ temperature, breathing rate and heart rate at different distances with or
without wearing the mask. We developed a system based on thermal and RGB camera and
also explore the feasibility of CNN based object detection algorithms to detect the vital signs
from human faces with specifically defined RoIs based on our thermal camera system. We
proposed the methods to estimate respiratory rate and heart rate from the thermal videos
and RGB videos. The mean absolute difference (MAE) between the estimated HR using the
proposed method and the baseline HR for all subjects at different distances is 4.24 ± 2.47
beats per minute, the MAE between the estimated RR and the reference RR for all subjects
at different distances is 1.55± 0.78 breaths per minute.
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Chapter 1

Introduction

Due to the availability of computing resources and developments in deep learning, deep neu-
ral networks have been proven to have the power to solve real world tasks efficiently. The
neural network models rely on a vast number of data to implement acceptable predictions
on unseen data. Especially in the field of computer vision, convolutional neural networks
(CNNs) have changed the way how people view and solve the problems. Since Alex et al
proposed ”ImageNet Classification with Deep Convolutional Neural Networks” in 2012 [1],
the CNNs have been widely used to address the tasks like image classification and object de-
tection. In addition, with the improvement of the computing capabilities, for example Nvidia
has released generations of graphic cards i.e. GPUs, it is now common to apply the CNNs
and train the model based on massive amounts of data. Deep learning methods for computer
vision problems have the advantages of robustness, scalability, and acceptable accuracy over
other algorithms. However, the CNNs based methods are not guarantee for solving all the
problems, and they also have some limitations and boundaries in the application. For exam-
ple, the dataset is always one of the problem that has huge impact on the generated models.
A biased dataset that does not accurately represent a model’s use case, will train to get some
biased models resulting in skewed outcomes [2]. A small dataset will not lead to a high gen-
eralization ability of the model. In addition, the privacy of the data source would potentially
cause issues due to not having consent from data owners or other unavoidable ethical con-
flicts. General Data Protection Regulation (GDPR) [3] imposed by European Union which is
also adopted by North America in the recent past is a major law governing the data privacy.

Object detection is one of the research direction of computer vision, dealing with detect-
ing instances of semantic objects of a certain class like humans or cars in the digital images
and videos. It is a complicated task in the sub-field of computer vision, involving many other
computer vision tasks such as classification [4], segmentation [5] - [6], and tracking [7]. To
figure out the location of the object in the view and what kind of class it is, really helps
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researchers to have better understanding of the whole scene. For example, in the research of
self-driving cars, pedestrians and other cars on the road must be detected by the vision system
and then the safe path would be generated to drive. Another application of object detection
is in the medical research. Researchers present the medical images segmentation of tubular
anatomical structures such as the aortic arc and the spinal cord by applying parametric object
detection and tracking [8].

Traditionally, the research in object detection is mainly using frames or streams col-
lected from common RGB cameras. Many of the algorithms and methods are designed for
the purpose of RGB image-based dataset. It is very common to see well-built dataset that
is composed of massive number of images with well-annotated labels like PASCAL Visual
Object Classes dataset [9]. The PASCAL Visual Object Classes (VOC) challenge is a bench-
mark in visual object category recognition and detection, providing the vision and machine
learning communities with a standard dataset of images and annotation, and standard evalu-
ation procedures. These challenges and dataset contribute a lot to the development of object
detection algorithm. With the availability of advanced imaging devices, there are also some
task specific dataset built on special images collected from devices other than normal RGB
cameras like RGB-D Object Dataset [10]. The RGB-D Object Dataset is a large dataset
of 300 common household objects. The objects are organized into 51 categories arranged
using WordNet hypernym-hyponym relationships (similar to ImageNet). This dataset was
recorded using a Kinect style 3D camera that records synchronized and aligned 640x480
RGB and depth images. Each object was placed on a turntable and video sequences were
captured for one whole rotation. However, there is still a lack of datasets like these for
research.

Our research is mainly focused on using object detection based on the different imaging
devices like depth camera and thermal camera to monitor the vital signs of the subjects in
a contactless way. With the attention to the personal privacy increasing, currently most of
the surveillance systems are putting the security in the first place especially in the places like
hospital and nursing home. Privacy and confidentiality are the biggest barriers in utilizing
many diverse devices in creating a dataset to learn useful tasks in the field of healthcare. As a
result, we design and install a depth camera based system in the hospital ward to collect depth
frames according to the ethic requirements pointed out in Section 4.1. In addition, object
detection is working for the locating of the subjects before we attempt to extract people’s
vital signs like respiratory rate and heart rate. We have tested object detection algorithms on
depth camera, thermal camera, and RGB camera.

The reason behind using non-RGB cameras such as depth camera and thermal camera is
that those devices can provide us with extra useful information. For example, depth camera
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can give out the distance between the camera and the object that could be used to locate
position of the object in the real world. In addition thermal camera can provide the temper-
ature distribution of the object. In order to utilize these meaningful information from the
depth frames or thermal frames, object detection needs to be done to help find our regions
of interest. The data like distance and temperature can be analyzed and processed for further
signal extraction. With the development of optical chips and imaging technology, there are
more possibilities that we can obtain vision information from different devices rather than
the common RGB cameras. We want more information from not only what we could see and
sense by ourselves, but also the invisible and insensible by human eyes under the allowed
conditions. Meanwhile, the study of many years on image processing provide us opportu-
nity to have a better understanding on this data. Many related methods like object detection
algorithms can also help us to process these special depth images or thermal images with dif-
ferent formats and contents. We learned from object detection based on usual RGB images
and then transfer the knowledge and apply it to unusual images.

Although there are many researches both in the object detection area and contactless vital
signs monitoring field, many problems still remain unsolved. For example, Microsoft Kinect
depth camera has the algorithms to detect the human postures [11], but they cannot detect the
complex postures like when the person is lying in bed. The algorithms require the targets to
be facing in front of the camera and partly occluded human body cannot be detected. This is
more suitable for the situation like somatic games rather than for the purpose of monitoring.
However in our depth camera project, the subject is lying in the bed covered with a blanket
or clothes so that the typical posture estimation algorithms does not work. The region of
interest (RoI) detection is always the biggest problem in the research of contactless vital
signs monitoring because the sensors usually have a larger sensing area than the targeted
areas we actually need. Moreover, limited by the environmental factors like light source
and room layout, the methods that work under the controlled conditions might not work in
the real world application. Other problems like low estimation accuracy and short detection
range also need further study.

To find the solutions to the above research problems, we designed camera-based collec-
tion systems. One system is using a depth camera and a radar device, another system is
using RGB camera and a thermal camera. The depth camera based system was installed in
a hospital to collect data from volunteer patients. We have created datasets not only includ-
ing different types of images but also extra data collected from radar, breathing belt, and
heart rate monitoring device at the same time. The depth image dataset was well annotated
with classes and labels to train the deep learning model. We trained a CNNs based model
to detect subject lying in bed at the hospital ward as illustrated in Figure 1.1. We present
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Figure 1.1: Schematic diagram of the depth camera research.

the test results of the trained model to evaluate the performance produced by this end-to-end
CNN based approach. In addition, we applied different face detectors in the thermal camera
system to extract vital signs of the subject as illustrated in Figure 1.2. We also employed
image enhancement algorithms to improve the weak signal from the thermal videos.
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Figure 1.2: Schematic diagram of the thermal camera research.
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1.1 Motivation

Monitoring vital signs without any contact is a crucial task in healthcare. Camera-based
vital sign estimation allows the contactless assessment of important physiological parameters
[12]. The vital signs like respiratory rate, heart rate, and body temperature are useful in
detecting or monitoring medical problems no matter in a medical setting, at home, at the site
of a medical emergency, or elsewhere [13]. The respiration rate is the number of breaths a
person takes per minute. The rate is usually measured when a person is at rest and simply
involves counting the number of breaths for one minute by counting how many times the
chest rises. Respiration rates may increase with fever, illness, and other medical conditions.
When checking respiration, it is important to also note whether a person has any difficulty
breathing. Normal respiration rates for an adult person at rest range from 12 to 16 breaths
per minute. The normal heart rate, or the number of times the heart beats per minute, for
healthy adults ranges from 60 to 100 beats per minute. The heart rate may fluctuate and
increase with exercise, illness, injury, and emotions. The normal body temperature of a
person varies depending on gender, recent activity, food and fluid consumption, time of day,
and, in women, the stage of the menstrual cycle. Normal body temperature can range from
97.8 degrees F (or Fahrenheit, equivalent to 36.5 degrees C, or Celsius) to 99 degrees F (37.2
degrees C) for a healthy adult. A person’s body temperature can be taken by skin. The special
thermometer can quickly measure the temperature of the skin on the forehead. The remote
and contactless measurement makes it possible to use the equipment in more scenarios under
any conditions and improves the efficiency of the diagnosis if the accuracy can be assured.
Additionally, it provides a potential that multiple persons could be monitored at the same
time using cameras.

With motivation to create a well-labeled depth image dataset, we collect data in the real
world using the system designed by ourselves and manually annotate each image using the
existing annotation tool. We fine-tune and train the state-of-the-art pre-trained object detec-
tion model with transfer learning which applies the knowledge gained from one problem to
solve a different but related problem. We use the model to estimate the distance between the
subject and the device, and extract the matched respiratory signal with the help of radar data
collected at the same time.

Another motivation is about testing existing CNNs based face detection algorithms and
apply one of the best to the real-time scenario. We collected data using the combination of
thermal camera and RGB camera. Meanwhile, the devices for collecting reference signals
also collected data synchronously as a baseline.

Healthcare research with deep learning is novel and driven to explore ways to utilize
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sensitive data in training neural network based models. Dataset is a vital need in the do-
main of deep learning. Most research done on medical or healthcare based tasks are done in
isolation due to the sensitive nature of the utilized data. Research on privacy guaranteeing
mechanisms such as de-anonymization published on a common dataset can provide general
baselines and comparable results to drive towards improvements. This could probably ex-
plain one of the reason why there is lack of professional datasets in the field of healthcare.
And another reason is due to the difficulty of collecting and labelling data.

1.2 Current Challenges and Existed Problems

Our final and overall goal of this research is to have an automated contactless monitoring
system that it would achieve the following with contactless monitoring:

1) Detect people and track them in the field of view

2) Detect the regions of interest for vital signs monitoring

3) Classify activities of the subject so that we can obtain their vital signs when they do
not move

4) Extract the vital signs only when the subject does not move

5) Assign the signal and the class to the particular subject

However, there are some challenges and problems for the whole system at this point.
Since we are trying to apply the contactless monitoring, the estimation accuracy and detec-
tion range are always the two big problems compared to the currently widely used wearable
devices. While there has been extensive work on contactless monitoring of the vital signs of
humans using cameras, to the best of the best of our knowledge, there has been no system
solving all of these problems. Different from the common RGB applications, we are using
special cameras here capturing the non-RGB images. Therefore, the existing approaches that
process this data are not effective and feasible anymore in our use case. In this thesis, we
proposed some methods to address the existing problems and challenges and our system also
implements the goal 1, 2, and 4 mentioned above.

Object Detection

We are using special cameras to detect subjects and monitor their vital signs. However,
most of the existed algorithms and methods for object detection that will be introduced in
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the Section 2.2 are based on the normal RGB images or videos. There are few examples
that apply the object detection algorithms to the area of depth images. The state-of-the-art
method like what Microsoft Kinect depth sensor uses [11] has trouble detecting the person
under complicated conditions as illustrated in Figure 1.3 where the person is lying in the
bed and is covered with blanket, without having the full body exposed. Similarly, Nuitrack
[14] which is a 3D Skeleton Tracking Middleware also cannot handle the situation where
the person is not facing the camera or a part of the human body is occluded. The typical
object detection methods rely on the well-selected features to detect the desired object. These
features, no matter designed by researchers or generated by the convolutional neural network,
are representatives of the certain RGB patterns. While in our use case, we only have one-
channel pixel values from the depth images that represent the distance from the camera to the
object. New features or new CNN needs to be redesigned to detect the person in the depth
images.

Figure 1.3: Example of a subject lying covered with a blanket where Microsoft Kinect system
was not able to detect the subject.

Lack of Dataset

Even though there are many related researches studying the remote monitoring, there are
few researches collecting data in the realistic occasions like hospital and retirement home.
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There is also a lack of this kind of datasets that are collected from real-world scenes. For
example, there are some datasets about RGB-D images capturing objects like furniture and
utensils in the indoor scene [15]. Besides, there is also one Depth Images with Humans
(DIH) dataset for human body landmark detection and human pose estimation from depth
images [16]. However, the DIH dataset contains the synthetic images and images acquired
with a Kinect 2 depth sensor totally under the controlled laboratory conditions. There are no
depth image datasets that have well labeled object like people in the real world scenes like in
a ward of a hospital. The creation of such a dataset is critical to the research area like medical
healthcare. Especially the labels and class annotations of the subject help us to analyze and
detect the potential conditions like sleep apnea. In addition there are many requirements and
limitations when obtaining people’s personal information which is a key problem about the
privacy. So the privacy issue of the dataset that is composed of people’s private information
such as health data is also a big challenge in our research.

New Requirements for the Application

Current researches have already made huge progress and developed solutions to address
some of the problems mentioned before. However with the time changing, there are new
problems emerging and new requirements for the system. For example, with the explosion
of Covid-19 pandemic in 2020, there are policies that require us to excersize social distanc-
ing and to wear masks in the public area. These policies raised challenges to our typical
behaviors, and also add new requirements to many of the healthcare devices. The previous
successful methods might have trouble fitting in the new requirements and even cannot work
anymore under the new conditions because they did not consider the more complicated and
difficult situations. For example, previous face detectors have problem detecting the faces
occluded by the mask while wearing the mask is a necessary requirement for the people now.
As a result, the approaches should be updated with the change of application scenarios.

1.3 Contributions

In this thesis, methods are introduced to solve the described problems in Section 1.2 using
depth camera based system and thermal camera based system. Since we use different types
of the camera, we contribute to integrating the convolutional neural networks based object
detection methods to our camera-based systems as illustrated in Figure 1.4. Additionally we
also explore the complicated situations where the previous approaches have never studied or
the problems even state-of-the-art methods could not address yet. We attempt to enhance the
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Figure 1.4: Overall introduction of the thesis.

performance of contactless vital signs estimation algorithms and apply the approaches to the
real world situation by the following contributions:

Depth Camera Based Collection System

We design the collection system and use it to collect depth frames and radar data at the same
time. The system works in real time and stores the data in an organized way. The system has
been installed in the hospital ward and collected data from multiple subjects comforting to
the related regulations described in Section 3.1.

Manually Labeled Dataset

We formed two datasets. The first dataset included not only frames from the depth camera
but also radar data. The created dataset was manually labeled with annotation tools. One of
the depth image dataset contains more than one thousand mask annotations and another one
is composed of mask and keypoint labels. We present the details about the data source and
created dataset information in Section 3.1.2 and Section 3.1.3 separately. Another dataset
is composed of thermal camera video frames, RGB frames, baseline respiratory signals,
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and baseline heart rate. The formats and details information of this dataset will be further
introduced in Section 4.1.2.

Human Body Detection Based on Depth Frames

We train the CNNs based object detection model with transfer learning from the existing
well-trained model based on our own dataset. Transfer learning is a process where a model
trained on one problem is used in some way on a second related problem. We observe the
performance on manually annotated validation dataset and the test set, satisfying our re-
quirements for detection. In our problem, what we want to detect is the human body in the
depth frames while the related problem is detecting the human in RGB images. We resolve
the problem by learning from the knowledge of previously well-studied human posture esti-
mation problem, and by modifying the CNN based detection model which will be detailed
in 4.3.1. Besides, the new trained model is applied for addressing the problem of distance
estimation.

Contactless Vital Signs Estimation

We compare different CNN based face detection models by testing with our use case and
our own data, from which we find the best one to solve the problems. We integrate the
state-of-the-art face detectors to our contactless vital signs estimation methods to address
the challenges described in the Section 1.2. The combination of the approaches proves to
meet the latest healthcare requirements like detection of breathing when wearing the mask
as pointed in Section 1.2.

The following paper was published based on the research leading to this thesis:

- F. Yang, Z. Han and M. Bolic, ”Detection of Respiratory Signal Based on Depth Cam-
era Body Tracking,” 2020 42nd Annual International Conference of the IEEE Engi-
neering in Medicine and Biology Society (EMBC), Montreal, QC, Canada, 2020, pp.
481-484

In addition to this one, another paper titled ”Vital Signs Estimation Using Thermal Camera”
is ready to be submitted to IEEE Access.
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1.4 Organisation of the Thesis

In Chapter 2, we review the relevant background literature on the problems about object de-
tection and camera based vital signs estimation. Section 2.1 gives the details of the different
devices used in our depth camera based system and thermal camera based system separately
as well as the overall systems’ composition. Section 2.2 describes the literature review of
object detection algorithms in recent years. Section 2.3 gives a brief literature on different
remote vital signs monitoring methods.

Chapter 3 details the methods involved in achieving the contributions. Section 3.1 intro-
duces how data collected through our depth camera system and the format of collected data
as well as the details of the self-created dataset. The section also introduces the methods
that the system takes to detect the human body and extract breath-like signal from the depth
images. Section 3.2 gives the detail of the approaches that thermal camera system takes to
extract vital signs.

Next, we present results and related analysis from our experiments in Chapter 4. These
results closely follow the experiments mentioned in the Section 4.1. We provide the dis-
cussion of results and analysis under each subsection in the Chapter 3. In Section 4.2, we
present the related information for our self-created dataset. Detailed statistics on dataset
are presented in this section. Later in Section 4.3, we present the results and analysis of
our depth image body tracking methods as well as respiratory signal estimation. Also, we
present the comparison of different face detectors and the situation where the algorithms run
on different devices in Section 4.4. Finally in Section 4.5, we describe the results of vital
signs estimation based on our methods and the analysis by comparing with the reference
data.

Chapter 5 presents our conclusion, summary of contributions and future work. Some of
the future work are based on the result analysis in the last chapter.
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Chapter 2

Background and Related Work

This chapter explains the background for the research, which spans over devices description
and related algorithms literature review. Section 2.1 introduces the composition of depth
camera based system and thermal camera based system. Section 2.2 reviews the object
detection algorithms as well as the face detectors in recent years. Section 2.3 reviews the
contactless monitoring methods for the human vital signs including respiratory signal and
heart rate.

2.1 Devices

2.1.1 Depth Camera

Standard digital cameras output images as a 2D grid of pixels. Each pixel has values associ-
ated with it – usually the Red, Green and Blue, or RGB. Each attribute has a number from 0
to 255, so black, for example, is (0,0,0) and a pure bright red would be (255,0,0). Thousands
to millions of pixels together create the kind of photographs we are all very familiar with. A
depth camera on the other hand, has pixels which have a different numerical value associated
with them, that number being the distance from the camera, or “depth.” Some depth cameras
have both an RGB and a depth system, which can give pixels with all four values, or RGBD
[17].

The output from a depth camera can be displayed in a variety of ways. In the example as
illustrated in Figure 2.1, the color image is shown side by side with the depth image, where
each different color in the depth map represents a different distance from the camera. In this
case, cyan is closest to the camera, and red is furthest. It does not really matter what color
values the depth map uses, this is just displayed in this way to make it easy to visualize.

There are a variety of different methods for calculating depth, all with different strengths
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Figure 2.1: Color image and its depth map captured at the same time.

and weaknesses and optimal operating conditions. Depending on the application, here are
some questions to consider: How far does the sensor need to detect? What sort of accuracy
is needed? Does the sensor need to operate outdoors? And there are several specifications
that needed to consider and compare when chose depth camera for application like the sensor
range, image resolution, field of view (FOV), frame rate, etc.

Structured light and coded light depth cameras are similar technologies. They rely on
projecting light (usually infrared light) from some kind of emitter onto the scene. The pro-
jected light is patterned, either visually or over time, or some combination of the two. Be-
cause the projected pattern is known, how the sensor in the camera sees the pattern in the
scene provides the depth information. Using the disparity between an expected image and
the actual image viewed by the camera, distance from the camera can be calculated for every
pixel [17]. Because this technology relies on accurately seeing a projected pattern of light,
coded and structured light cameras do best indoors at relatively short ranges. Another issue
with systems like these is that they are vulnerable to other noise in the environment from
other cameras or devices emitting infrared light. Similarly, all types of time of flight device
emit some kind of light, sweep it over the scene, and then time how long that light takes to
get back to a sensor on the camera. Depending on the power and wavelength of the light,
time of flight sensors can measure depth at significant distances – for example, being used to
map terrain from a helicopter.

Stereo depth cameras also often project infrared light onto a scene to improve the accu-
racy of the data, but unlike coded or structured light cameras, stereo cameras can use any
light to measure depth. Stereo depth cameras have two sensors, spaced a small distance
apart. A stereo camera takes the two images from these two sensors and compares them.
Since the distance between the sensors is known, these comparisons give depth information.
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Because stereo cameras use any visual features to measure depth, they will work well in most
lighting conditions including outdoors. The addition of an infrared projector means that in
low lighting conditions, the camera can still perceive depth details. The other benefit of this
type of depth camera is that there are no limits to how many you can use in a particular space
where the cameras do not interfere with each other in the same way that a coded light or time
of flight camera would. The distance these cameras can measure is directly related to how
far apart the two sensors are, where the wider the baseline is, the further the camera can see
[17].

Figure 2.2: Operation of the stereo depth camera cited from [17]

Each kind of depth camera relies on known information in order to extrapolate depth.
For example, in stereo, the distance between sensors is known. In coded light and structured
light, the pattern of light is known. In the case of time of flight, the speed of light is the known
variable used to calculate depth. LiDAR sensors are a type of time of flight camera which
use laser light to calculate depth. All types of time of flight devices emit some kind of light,
sweep it over the scene, and then measure the time the light takes to get back to a sensor on
the camera. However, any situation where the light hitting the sensor may not have been the
light emitted from the specific camera but could have come from some other source like the
sun or another camera can degrade the quality of the depth image. All depth cameras provide
the advantage of additional understanding about a scene, and it gives any device or system
the ability to understand a scene in ways that do not require human intervention [17]. While
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it is possible for a computer to extract information from a 2D image, that requires significant
investment and time in training a machine learning network. A depth camera inherently
gives some information without the need for training, for example, it is easier to distinguish
foreground and background objects from a scene. This becomes useful in applications like
background segmentation – a depth camera can remove background objects from an image,
allowing a green-screen free capture. Besides, depth cameras are also very useful in the field
of robotics and autonomous devices like drones.

2.1.2 Thermal Camera

A thermographic camera (also called an infrared camera or thermal imaging camera or ther-
mal imager) is a device that creates an image using infrared radiation, similar to a common
camera that forms an image using visible light. Instead of the 400–700 nanometre range
of the visible light camera, infrared cameras are sensitive to wavelengths from about 1,000
nm to about 14,000 nm. The practice of capturing and analyzing the data they provide is
called thermography. Basically the higher an object’s temperature, the more infrared radia-
tion is emitted as black-body radiation. A thermal camera can detect this radiation in a way
similar to the way an ordinary camera detects visible light. It even works in total darkness
because ambient light level does not matter. This makes it useful for rescue operations in
smoke-filled buildings and underground. For use in temperature measurement the brightest
(warmest) parts of the image are customarily colored white, intermediate temperatures reds
and yellows, and the dimmest (coolest) parts black. A scale should be shown next to a fake
color image to relate colors to temperatures. Their resolution is considerably lower than that
of optical cameras, mostly only 160 × 120 or 320 × 240 pixels, although more expensive
cameras can achieve a resolution of 1280× 1024 pixels.

Similar to the common RGB camera, what sets a thermal camera apart are the specifi-
cations like resolution, field of view (FOV), frame rate, thermal sensitivity, etc. Thermal
resolution is one important specification that reflects how many pixels the camera has on
the scene. Spatial resolution is based on detector pixels and the field of view (FOV) spec,
combining them to define the area the imager sees at any given moment. Higher resolution
means that each image contains more information and more details, and also a greater pos-
sibility of obtaining an accurate measurement. Spatial resolution can be used to help define
the smallest object size that can be detected. A lower spatial resolution value means better
detail and image quality. It is getting much harder to measure with low resolution when the
distance between the object and the camera increases. Thermal sensitivity or Noise Equiva-
lent Temperature Difference (NETD) describes the smallest temperature difference that the
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Figure 2.3: Thermal image with 256× 192 pixels collected in a laboratory at the University
of Ottawa.

camera can detect. The highest and lowest temperature that is encountered in the detec-
tion range determines the temperature range you need from your thermal imager. Another
important specification is the spectral range, which is the range of wavelengths that the sen-
sor can detect. The price of the camera is rising up with the improvement of the different
specifications.

Thermographic cameras are much more expensive than their visible-spectrum counter-
parts, though low-performance add-on thermal cameras for smartphones became available
for hundreds of dollars in 2014 [18]. It is not likely to apply expensive thermal camera to
the daily life because of their commercial cost. For example, one with 640× 512 resolution
is over 10,000 USD. On the other side, the thermal camera with low resolution is not capa-
ble of detecting the accurate temperature or respiratory features with the distance at around
1m. As a result, we select Rakinda FT20 thermal camera with moderate thermal resolu-
tion 256× 192, and relatively acceptable price 1000 Canadian dollar as our thermographic
system.
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Table 2.1: Specs and Prices of Thermal Cameras

Product Name Thermal
Resolution

Frame
Rate

NETD FoV Price

SEEK Compact 206× 156 9Hz 36◦ 249USD
SEEK Compact Pro 320× 240 9Hz 70mK 32◦ 499USD
FLIR One GEN3 80× 60 8.7Hz 100mK 55◦× 43◦ 249USD
FLIR One LT 80× 60 8.7Hz 70mK 55◦× 43◦ 395USD
FLIR One Pro 160× 120 8.7Hz 70mK 55◦× 43◦ 530USD
FLIR Boson 320 (core) 320× 256 60Hz 60mK adjustable 1680USD
FLIR Boson 640 (core) 640× 512 60Hz 60mK adjustable 3520USD
FLIR A35 320× 256 60Hz 50mK 13◦× 10◦ 5000USD
Optris PI 400i 382× 288 80Hz 75mK adjustable 5150USD
Optris PI 640 640× 480 80Hz 75mK adjustable 8750USD
ICI 8320 P-Series 320× 240 60Hz 20mK 40◦× 30◦ 6974USD
ICI 9640 P-Series 640× 512 60Hz 20mK 80◦× 60◦ 10552USD
The specifications of the camera are obtained from the official website of the camera
producer. The prices of the camera are referred and viewed from the dealer website like
Amazon and eBay.
Both the first parameter of Thermal Resolution and FoV is horizontal, and the second
parameter is vertical. The single value means it is same in horizontal and vertical direc-
tion.

2.2 Object Detection Algorithm

The progress of object detection has gone through a long period and has established some
norms to solve the problem. Meanwhile some evaluation metrics have been created to prove
the qualities of the architecture. Generally speaking, it is widely accepted that the progress
of object detection has generally gone through two historical periods: “traditional object
detection period (before 2014)” and “deep learning based detection period (after 2014)”
[19].

2.2.1 Machine learning based Detectors

Traditional object detection tasks are usually seen as part of the problems in image process-
ing, and it is common to first find some features based on images or videos. Then the feature
representations in combination with machine learning algorithm were designed to detect the
target object.

For example, P. Viola and M. Jones achieved real-time detection of human faces for the
first time without any constraints [20], where the detector was hundreds of times faster than
any other algorithms in its time under comparable detection accuracy. This machine learning
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approach for visual object detection is then called Viola-Jones detectors and is widely used
because of its very high true-positive rate and very low false-positive rate while running in
real time for practical applications. The Viola-Jones detector designed an image representa-
tion method called integral image that allows for very fast feature evaluation. The integral
image can be computed from an image using a few operations like Haar feature selection fil-
ters per pixel. A common Haar feature for face detection is a set of two adjacent rectangles
that lie above the eye and the cheek region. Once computed, any one of these features can be
computed at any scale or location in constant time. The second contribution of Viola–Jones
object detection framework is a method for building a classifier by selecting a small num-
ber of important features using Adaptive Boosting (AdaBoost) formulated by Yoav Freund
and Robert Schapire [21]. AdaBoost is adaptive in the sense that subsequent weak learners
are tweaked in favor of those instances misclassified by previous classifiers. The individual
learners can be weak, but as long as the performance of each one is slightly better than ran-
dom guessing, the final model can be proven to converge to a strong learner. Viola-Jones
detector combines the concepts of Haar-like features, the AdaBoost algorithm, and the cas-
cade classifier to create a system for object detection that increases the speed of the detector
by focusing on promising regions of the image.

Another widely using detector applies Histogram of Oriented Gradients (HOG) features
descriptor [22]. HOG decomposes an image into small squared cells, computes the his-
togram of oriented gradients in each cell, normalizes the result using a block-wise pattern,
and returns a descriptor for each cell. The HOG detector has long been an important basis
of many object detectors [23] and a large variety of computer vision applications for many
years. However, HOG has some disadvantages such as that it is difficult to deal with the
occlusion problem, and it is difficult to detect when the range of object motion is wide or
the object’s direction is changing. Consequently, Deformable Part-based Model (DPM) was
first proposed by Felzenszwalb to extend HOG feature descriptors and improved the object
detection algorithm [24]. DPM is based on HOG detector and uses a sliding window ap-
proach, where a filter is applied at all positions and scales of an image to represent an object
category. DPM follows the philosophy that objects are composed of parts at specific relative
locations, and so it takes star-structured part-based model, defined by a root filter plus a set
of parts filters and associated deformation models. Another improvement is a representation
of the class of models by a mixture of star models. The DPM detector was also dramatically
sped up with a cascade algorithm in [23]. However, these methods highly rely on different
features design for different object detection tasks.
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2.2.2 CNNs based Two-stage Detectors

Since the rise of convolutional neural networks in 2012 [1], CNNs based approaches has
been started to apply for the object detection task. As a result, these CNNs based methods
largely enhanced the performance of object detection and then changed the landscape of
research in computer vision especially in object detection.

Convolutional neural networks were inspired by biological processes [25] [26] in that the
connectivity pattern between neurons resembles the organization of the animal visual cortex.
Individual cortical neurons respond to stimuli only in a restricted region of the visual field
known as the receptive field. The receptive fields of different neurons partially overlap such
that they cover the entire visual field. A convolutional neural network consists of an input
layer, hidden layers and an output layer. In the feed-forward neural networks, any middle lay-
ers are called hidden because their inputs and outputs are masked by the activation function
and final convolution. In a convolutional neural network, the hidden layers include layers
that perform convolutions. Typically this includes a layer that does multiplication or other
dot product, and its activation function is commonly ReLU. ReLU is the abbreviation of rec-
tified linear unit, which applies the non-saturating activation function f(x) = max(0, x) [1].
This is followed by other convolution layers such as pooling layers, fully connected layers
and normalization layers. It effectively removes negative values from an activation map by
setting them to zero [27]. It increases the nonlinear properties of the decision function and of
the overall network without affecting the receptive fields of the convolution layer. Another
important concept of CNNs is pooling, which is a form of non-linear down-sampling. There
are several non-linear functions to implement pooling among which max pooling is the most
common. It partitions the input image into a set of non-overlapping rectangles and, for each
such sub-region, outputs the maximum. After several convolutional and max pooling lay-
ers, the high-level reasoning in the neural network is done via fully connected layers where
neurons have connections to all activations in the previous layer.

What listed below is a table about different CNNs based two-stage object detection meth-
ods. The reason why they are called ”two-stage” is because they take coarse to fine strategy
and generally solve the object detection problem by two steps. Two-stage methods first gen-
erate thousands of region proposals that probably include the objects and then select the best
one from multiple candidates to detect the object.

R-CNN

R. Girshick et al. took the lead to apply CNNs by proposing the Regions with CNN features
(R-CNN) for object detection in 2014 [28, 29]. R-CNN takes one image as the input, and
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Table 2.2: Overview of two-stage object detection methods

Index Method
Name

Features Limitations

1 R-CNN Selective search + SVM
classifier

Large time cost on region proposals
selection for each image.

2 SPPNet Spatial Pyramid Pooling
strategy

Multi-stage training is complex.

3 Fast
R-CNN

SPPNet + RoI Pooling
(train end-to-end)

Large time cost on selective search
for proposals.

4 Faster
R-CNN

Region Proposal Network Low efficiency on selecting proposal
candidates.

5 FPN Feature Pyramid Network Complex network architecture be-
cause of two-stage detection.

The table lists main features and limitations of the two-stage CNN based methods
for object detection including the sort-of-the-art methods. The details of the solu-
tions are given in this section.

firstly extracts a set of object proposals as candidate by using selective search [30]. Selective
search is a common algorithm that seeks to merge together the perceptual grouping of pix-
els in a bottom-up hierarchical grouping. It is based on color similarity, texture similarity,
size similarity, shape compatibility and their combination to find about 2000 regions of the
image. Then each candidate proposals is rescaled to a fixed size (227× 227) and fed into a
CNN model trained on ImageNet (AlexNet [1]) to extract features. Finally, linear support
vector machine (SVM) classifiers are used to predict the presence of an object within each
region and to recognize object categories. In addition to predicting the presence of an object
within the region proposals, the algorithm also predicts four values which are offset values
to increase the precision of the bounding box using regressor. R-CNN yields a significant
performance boost on PASCAL VOC 2007, with a large improvement of mean Average
Precision (mAP) from 33.7% (DPM-v5 [31]) to 58.5% [29].

The problems with R-CNN is that it still costs a large amount of time to train the net-
works since around 2000 region proposals per image need to be classified. Besides, the huge
number of region proposals also takes a lot space during the training of the model. In the
testing process, R-CNN takes about 47 seconds detect each image which is too slow to im-
plement real time. In addition, the selective search algorithm is a fixed algorithm, therefore,
some good candidates cannot be shared to save time and space.
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SPPNet

In 2014, K. He et al. proposed Spatial Pyramid Pooling Networks (SPPNet) [32]. The
main contribution of SPPNet is the introduction of a Spatial Pyramid Pooling (SPP) strategy,
which enables a CNN to eliminate the requirement that the input image must be fixed size by
generating a fixed-length representation regardless of image size. SPP can maintain spatial
information by pooling in local spatial bins and is robust to object deformations. These
spatial bins have sizes proportional to the image size like 4× 4, 2× 2, 1× 1, and totally 21
different spatial bins, so the number of bins is fixed regardless of the image size. The outputs
of the spatial pyramid pooling are kM-dimensional vectors with the number of bins denoted
as M (k is the number of filters in the last convolutional layer). The fixed-dimensional vectors
are the input to the fully-connected layer. When using SPPNet for object detection, the
feature maps can be computed from the entire image only once. After that, the fixed length
representations of arbitrary regions can be generated for training the detectors, which avoids
repeatedly computing the convolutional features.

Although SPPNet has effectively improved the detection speed, there are still some draw-
backs. First, the training is still multi-stage which is complicated, and it still takes a lot space
to store the parameters and weights during the process of training. Second, SPPNet only fine-
tunes its fully connected layers while simply ignores all previous layers. Later in the next
year, a new CNNs based method was proposed and solved these problems.

Fast R-CNN

R. Girshick proposed a Fast Region-based Convolutional Network method (Fast R-CNN) for
object detection in 2015 [33]. Fast R-CNN builds on previous work to efficiently classify
object proposals using deep convolutional networks. Compared to previous work, Fast R-
CNN employs several innovations to improve training and testing speed while also increasing
detection accuracy. One of the innovation is that Fast R-CNN enables us to simultaneously
train a classifier and a bounding box regressor under the same network configurations. A
Fast R-CNN network takes an entire image and multiple regions of interest (RoI) as input.
Each RoI is pooled into a fixed-size feature map and then mapped to a feature vector. The
fully connected layers finally branch into two output layers: one that predicts probabilities of
all classes including the background, and another generates bounding box regression offsets
for each of the object classes. Besides, all the features are temporally stored in the memory
during the training to save extra spaces. Another innovation of Fast R-CNN is the RoI
pooling layer. The RoI pooling layer uses max pooling to convert the features into a feature
map with a fixed spatial size of H×W rather than multiple fixed size feature maps in the
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SPPNet [32] which can sharply cuts off the computational amounts in the training.
On VOC07 dataset, Fast R-CNN increased the mean Average Precision (mAP) from

58.5% (RCNN) to 70.0% while with a detection speed over 200 times faster than R-CNN
[34]. Although Fast R-CNN successfully integrates the advantages of previous R-CNN and
SPPNet and makes some improvements, the detection speed is still limited by the time-
consuming selective search algorithm that takes around 2 seconds per image runs on CPU
for proposal detection.

Faster R-CNN

In 2015, S. Ren et al. proposed Faster R-CNN [35] shortly after the Fast R-CNN. The main
contribution of Faster-RCNN is the introduction of Region Proposal Network (RPN) that
shares full-image convolutional features with the detection network, thus enabling nearly
cost-free region proposals. RPN is a fully convolutional network that simultaneously predicts
object bounds and class scores at each position. This network uses an H×W spatial window
as input from the feature map. Each sliding window is mapped to a lower dimensional
feature. Anchor boxes are defined to capture the scale and aspect ratio of specific object
classes to be detected. The main reason to use anchor boxes is that all object predictions
can be evaluated at once. They help to speed up and improve efficiency for the detection
portion of a deep learning neural network framework. Anchor boxes also help to detect
multiple objects, objects of different scales, and overlapping objects without the need to
scan an image with a sliding window. The RPN is trained end-to-end to generate high-
quality region proposals, which are also used by Fast R-CNN. Besides, the RPN and Fast
R-CNN are merged into a single network by sharing their convolutional features.

Although Faster RCNN breaks through the speed bottleneck of Fast R-CNN, there is still
computation redundancy at subsequent detection stage. The methods of selecting proposal
candidates remain potential to improve the efficiency.

Feature Pyramid Networks

In 2017, T.-Y. Lin et al. proposed Feature Pyramid Networks (FPN) [36] on basis of Faster
R-CNN. The previous CNNs based detection framework focus on low-resolution and se-
mantically strong features from the convolutional layers to detect objects. FPN combines
low-resolution, semantically strong features with high-resolution, semantically weak fea-
tures via a top-down pathway and lateral connections. A top-down architecture with lateral
connections is developed for building high-level semantic feature maps at all scales. The
single-scale feature map in RPN [35] is replaced by FPN. Thus, it is not necessary to have
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Table 2.3: Overview of one-stage object detection methods

Index Method
Name

Features Limitations

1 YOLO Regression problem +
NMS compression

More localization errors and low lo-
calization accuracy mAP 57.9%.

2 SSD Using a set of bounding
boxes

Worse performance on small objects
and still low localization accuracy
mAP 74.3%.

3 RetinaNet FPN + a new Focal Loss
function

Imbalanced classes.

The table lists main features and limitations of the one-stage CNN based methods for
object detection including the sort-of-the-art methods. The details of the solutions
are given in this section.

multi-scale anchor boxes on a specific level. Since a CNN naturally forms a feature pyramid
through its forward propagation, the FPN shows great advances for detecting objects with a
wide variety of scales. Using FPN in a basic Faster R-CNN system, FPN has now become a
basic component of the network of many latest object detectors.

Although the merge of FPN and Faster R-CNN achieves state-of-the-art single model
detection results on the MSCOCO dataset [36], it is still not fast enough and highly rely on
the high performance of GPU because of the complex networks.

2.2.3 CNNs based One-stage Detectors

Different from the two-stage object detectors that generate regions of interests (RoIs) in the
first stage and then send the region proposals down the pipeline for object classification and
bounding-box regression, one-stage detectors treat object detection as a simple regression
problem by taking an input image and learning the class probabilities and bounding box
coordinates as listed in Table 2.2.3. Two-stage detectors like Faster R-CNN can reach the
highest accuracy rate but are typically slower in detection. One-stage detectors, on the other
side, reach lower accuracy rate but are much faster than two-stage detectors [37].

You Only Look Once (YOLO)

YOLO was proposed by R. Joseph et al. in 2015. It was the first one-stage detector in deep
learning era [38]. YOLO treats the object detection as a regression problem by designing
a single neural network predicts bounding boxes and class probabilities directly from full
images in one evaluation. Since the whole detection pipeline is a single network, it can be
optimized end-to-end directly on detection performance. YOLO also takes non-maximum
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suppression (NMS) to select one entity out of many overlapping proposal candidates. NMS
sorts the candidates according to their confidence scores and update the candidates list by
calculating the Intersection over Union (IoU) and keeping the ones that are smaller than the
threshold. The detection network has 24 convolutional layers that extract the features from
the input followed by 2 fully connected layers that aim at predicting the class probabilities
and bounding box coordinates. The base YOLO model processes images in real-time at
45 frames per second. Compared to state-of-the-art detection systems, YOLO makes more
localization errors but is far less likely to predict false detections where nothing exists. Later,
R. Joseph has made a series of improvements on basis of YOLO and has proposed its v2 and
v3 editions [39, 40], which further improves the detection accuracy while keeping very high
detection speed.

In spite of its great improvement of detection speed, YOLO suffers from a drop of the
localization accuracy compared with two-stage detectors, especially for some small objects.
Besides YOLO also struggles to detect close objects because each grid can only detect one
object. YOLO’s subsequent versions v2 and v3 [39, 40] have paid more attention to this
problem.

Single Shot MultiBox Detector (SSD)

SSD [41] was proposed by W. Liu et al. in 2015. The main contribution of SSD is that
the network separates the output space of bounding boxes into a set of default boxes over
different aspect ratios and scales per feature map location. SSD combines predictions from
multiple feature maps with different resolutions to naturally handle objects of various sizes.
The core of SSD is predicting category scores and box offsets for a fixed set of default
bounding boxes which are similar to the anchor boxes in the Faster R-CNN [35]. As a result,
SSD has comparable accuracy to aforementioned two-stage detectors like Fast R-CNN and
is much faster, while providing a end-to-end framework for both training and inference.
Compared to other single stage methods, SSD has much better accuracy, even with a smaller
input image size and is more robust to various object sizes in the input.

However, SSD still has some drawbacks. For example, SSD produces worse performance
on smaller objects, as they may not appear across all feature maps. Increasing the input image
resolution alleviates this problem but does not completely address it. Besides, SSD confuses
objects with similar categories like animals.
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RetinaNet

Though one-stage detectors are faster and simpler compared to the two-stage methods, they
do not have the comparable accuracy of two-stage detectors thus far. T.-Y. Lin et al. have
discovered the reasons behind and proposed RetinaNet in 2017 [42]. They discovered that
the extreme foreground-background class imbalance encountered during training of dense
detectors is the central cause. Because training is inefficient as most locations are easy
negatives that contribute no useful learning signal, and the easy negatives can overwhelm
training and lead to degenerate models. Consequently they addressed this class imbalance
by reshaping the standard cross entropy loss such that it down-weights the loss assigned
to well-classified examples. They proposed a novel loss termed as Focal Loss, which adds
a factor to the standard cross entropy criterion. The proposed Focal Loss enables training
highly accurate dense object detectors in the presence of vast numbers of easy background
examples by focusing more on the hard, misclassified examples and reducing the weights
of easy negative samples. Focal Loss enables the one-stage detectors to achieve comparable
accuracy of two-stage detectors while maintaining very high detection speed.

2.2.4 Face Detection

Deep learning applies multiple processing layers to learn representations of data with mul-
tiple levels of feature extraction. This emerging technique has reshaped the research land-
scape of face detection that could be seen as one of the sub-area of object detection since
2012, AlexNet [1] launched by Alex Krizhevsky et al. Since then, deep learning technique,
characterized by the hierarchical architecture to stitch together pixels into invariant face fea-
tures, has dramatically improved the state-of-the-art performance and fostered successful
real-world applications.

Cascade CNN

A cascade architecture built on convolutional neural networks (CNNs) was proposed in 2015
to detect faces [43]. Compared to previous classical Viola-Jones dace detector [20], cascade
CNN could apply in real-world face detection, handling large visual variations, such as those
due to pose, expression, and lighting. The proposed Cascade CNN operates at multiple res-
olutions, quickly rejects the background regions in the low resolution stages, and carefully
evaluates a small number of challenging candidates in the high resolution stage. The detec-
tion stages also take NMS strategy to select the best from overlapping candidates. To improve
localization effectiveness, and reduce the number of candidates at later stages, a CNN-based

26



Table 2.4: Overview of deep learning based face detection methods

Index Method
Name

Features Limitations

1 Cascade
CNN

cascade CNN +
NMS strategy

Not an end-to-end training.

2 DDFD SSD network +
Feature Enhance Module

Imbalanced negative samples.

3 MTCNN cascaded structure + NMS
+ Facial landmarks detec-
tion

Cannot handle the occluded faces.

4 FAN Face Attention Module Cannot estimate the facial landmarks.
5 SSH Context Module Bad performance on occluded faces

and facial landmarks detection.
6 S3FD A scale-equitable face de-

tection framework
Cannot estimate the facial landmarks.

The table lists main features and limitations of the deep learning based face detectors
including the sort-of-the-art methods. The details of the methods are given in this
section.

calibration stage was introduced after each of the detection stages in the cascade. The pro-
posed method runs at 14 FPS on a single CPU core for VGA-resolution images and 100 FPS
using a GPU. Although using convolutional neural networks to extract the features, Cascade
CNN was trained sequentially instead of end to end, which may not be desirable.

Deep Dense Face Detector (DDFD)

In 2015, S. Farfade et al. proposed Deep Dense Face Detector (DDFD) [44] to address
the problem of multi-view face detection. The proposed method does not require pose or
facial landmark annotation and is able to detect faces in a wide range of orientations using a
single model based on deep convolutional neural networks. DDFD uses the same backbone
network as SSD network [41], and uses a Feature Enhance Module on top of a feedforward
VGG [45] or ResNet [46] architecture to generate the enhanced features. The method, unlike
other deep learning object detection methods, does not require additional components such
as segmentation, bounding-box regression, or SVM classifiers. In addition, the proposed
method is able to detect faces from different angles and can handle occlusion to some extent.
However in the dataset, the number of negative samples are 100 times of the positive one, so
the imbalance problem within the dataset couldn’t be addressed efficiently.
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Multi-task Cascaded CNN (MTCNN)

In 2016, Zhang et al. proposed Multi-task Cascaded CNN (MTCNN) to detect and align the
face [47]. The proposed framework adopts a cascaded structure with three stages of carefully
designed convolutional neural networks that predict face and landmarks location in a coarse-
to-fine manner. In the first stage it uses a fully convolutional network to quickly produce
candidate windows and their bounding box regression vectors. After obtaining the bounding
box vectors, some refinement is done to combine overlapping regions. The final output of this
stage is all candidate windows after refinement. In the second stage it refines the proposed
candidate windows through a more complex CNN. The Refine Network further reduces the
number of candidates, performs calibration with bounding box regression and employs NMS
to merge overlapping candidates. Lastly in the third stage it uses a third CNN, more complex
than the others, to further refine the result and output facial landmark positions for eyes, nose
and mouth. MTCNN achieves superior accuracy over the state-of-the-art techniques on the
challenging FDDB [48] and WIDER FACE [49] benchmark for face detection, and AFLW
[50] benchmark for face alignment, while keeps real time performance.

Face Attention Network (FAN)

Wang et al. proposed Face Attention Network (FAN) [51] in 2017 to resolve the challenging
problem in the face detection that is the occlusion issue due to mask and sunglasses. FAN
designed a specific anchor setting together with the attention function based on RetinaNet
[42]. To address the occlusion issue, FAN proposed a novel anchor level attention based on
the ResNet and FPN network structure. The attention supervision information is obtained by
filling the ground-truth box. Meanwhile supervised heatmaps are associated to the ground-
truth faces assigned to the anchors in the current layer. The attention mask can enhance the
feature maps in the facial area, and diminish what’s not in the area. The proposed FAN can
significantly improve the recall of the face detection problem in the occluded case without
compromising the speed.

Single Stage Headless Face Detector (SSH)

Also in 2017, Najibi et al. proposed the Single Stage Headless (SSH) face detector [52]
where the head of the networks has been removed. Most CNN based detector, whether
detecting objects or only faces, converts classification network into two stage detection sys-
tems. In the first stage convolutional layers proposes a set of bounding boxes for the object
and then the remaining layers of classification network referred as ‘head’ are used to classify
the proposals. The head of the classification network can be computationally very expensive
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and had to be performed for every proposed bounding box. SSH designed a context module
that can incorporate context by increasing the receptive field proportional to the stride of cor-
responding layer. Additionally, instead of relying on an image pyramid to detect faces with
various scales, SSH is scale-invariant by design. SSH can simultaneously detect faces with
different scales in a single forward pass of the network, but from different layers. Unlike the
current state-of-the-art, SSH does not use an image pyramid and is 5 times faster.

Single Shot Scale-invariant Face Detector (S3FD)

Single Shot Scale-invariant Face Detector (S3FD) [53] proposed by Zhang et al. in 2017,
performs superiorly on various scales of faces with a single deep neural network, especially
for small faces. In the paper, the authors discussed about the reasons behind the problem of
anchor-based methods like few features, anchor scale mismatch, and background from small
anchors generating more negative anchors etc. As a result, S3FD proposed a scale-equitable
face detection framework to handle different scales of faces well. The method tiles anchors
on a wide range of layers to ensure that all scales of faces have enough features for detec-
tion. Besides, the authors design anchor scales based on the effective receptive field and a
proposed equal proportion interval principle. The methods guarantee that different scales of
anchor have the same density on the image, so that various scales face can approximately
match the same number of anchors. As a consequence, S3FD achieves state-of-the-art de-
tection performance on all the common face detection benchmarks, including PASCAL face,
FDDB and WIDER FACE datasets.

2.2.5 Evaluation Metrics

To evaluate the performance of object detection architectures, both the classification and
detection tasks were evaluated as a two-class tasks: e.g. for classification “is there a person
in the image?”, and for detection “where are the subjects in the image (if any)?”. A separate
score is computed for each of the classes and there are many metrics like precision and recall
to evaluate the object detection results.

For the classification task, a confidence score for each image and each class is computed.
For the detection task, the concept of Intersection over Union (IoU) needs to be introduced
first. IoU computes intersection of the ground truth and the predicted bounding box over
the union of these two bounding boxes. A threshold value is set for the IoU to determine
if the object detection is valid or not. A detection is considered a true positive (TP) only
if it satisfies that the predicted class matches the class of the ground truth, the confidence
score is larger than the threshold, and the predicted bounding box has an IoU greater than
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the threshold value. Violation of either the first or third condition makes a false positive (FP).
When the confidence score of a detection that is supposed to detect a ground-truth is lower
than the threshold, the detection counts as a false negative (FN).

Accordingly, we define precision as the number of true positives divided by the sum of
true positives and false positives:

precision =
TP

TP + FP
(2.1)

Similarly, recall is defined as the number of true positives divided by the sum of true positives
and false negatives that is just the number of ground-truths:

recall =
TP

TP + FN
(2.2)

As a result, the interpolated average precision (AP) was used to evaluate both classifica-
tion and detection [54]. The AP summarises the shape of the precision/recall curve, and is
defined as the mean precision at a set of eleven equally spaced recall levels [0,0.1,...,1]:

AP =
1

11

∑
r∈(0,0.1,...,1)

Pinterp(r) (2.3)

The interpolated precision Pinterp at a certain recall level r is defined as the highest precision
found for any recall level r′ ≥ r:

Pinterp(r) = max
r′≥r

p(r′) (2.4)

where p(r′) is the measured precision at recall r′. The calculation of AP only involves one
class. However, in object detection, there are usuallyK > 1 classes. Mean average precision
(mAP) is defined as the mean of AP across all K classes:

mAP =

∑K
i=1APi

K
(2.5)

2.3 Vital Signs Monitoring

Monitoring the vital signs of human being is an important task for medical diagnosis. Current
methods require the sensing device to be attached to the subjects’ body thereby constraining
or causing them discomfort and thus potentially affecting the measurement. Contact based
measurements of respiratory rate (RR) typically consists of electrophysiological measure-
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ments [55] and pressure sensors [56]. For example, to measure the respiration rate of the
subject, typically a breathing belt is attached to the chest of the subject, which makes it
inconvenient for the subject to move freely and even causes the discomfort. Similarly, to
measure the heart rate of the subject, a fingertip monitor is needed to check the pulse. Or
one can check his or her own heart rate by pressing the first and second fingertips firmly but
gently at the wrist and counting the pulse for 60 seconds. As a result, the contact-based mea-
surements require the wearing operations from the subject, and it relies on specific sensors.
So the non-contact methods for vital signs monitoring are worthy of further study especially
now during the Covid-19 pandemic. Camera-based vital sign estimation allows the contact-
less assessment of important physiological parameters including respiration rate, heart rate,
etc.

2.3.1 Respiration Rate Estimation

Radar-based methods

One approach of remote respiratory rate estimation is using the Doppler radar. Non-contact
detection characteristic of Doppler radar provides an unobtrusive means of respiration detec-
tion and monitoring [57]. Robustness of Doppler radar against environmental factors, such as
light, ambient temperature, interference from other signals occupying the same bandwidth,
fading effects, and other environmental constraints strengthen the possibility of employing
Doppler radar in long-term respiration detection and monitoring applications such as sleep
studies.The Doppler effect [58] occurs when there is change in frequency in the radiated or
reflected radio wave due to the movement of an object. When a continuous wave is transmit-
ted towards an object, the reflected signal is either frequency modulated or phase modulated
due to the movement of the object. By comparing the received and transmitted signals, the
change in frequency and phase can be derived. Changes in the reflected signal due to the
motion of the subject’s chest during the respiratory cycles can be extracted and then used to
estimate the breathing rate. In addition, Fourier and wavelet transform approaches were used
in extracting the respiration rate in each particular breathing cycle. The extracted peak fre-
quency can be used to approximate the breathing rates especially under a normal breathing
condition. Doppler radar is highlighted as an alternative approach not only for determining
respiration rates, but also for identifying breathing patterns and tidal volumes as a preferred
non-wearable alternative to the conventional contact sensing methods.

However, one problem of respiration rate estimation using radar is that the distance be-
tween the subject’s chest and radar must be measured before each respiration rate estima-
tion. So distance estimation should be correct, and the distances were manually measured
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by researchers in the experiment.In addition, radar-based approaches are restricted to mon-
itor physiological parameters in stationary settings and indoors, where it is easier to ensure
stillness of both the person and of the hardware installation, limiting their application in
real-world deployments.

Camera-based methods

Another contactless approach to monitor the respiration is based on cameras. Plethysmog-
raphy measures changes in volume in different areas of human’s body, and it can be done
by means such as variations in air pressure, impedance, or strain. Photo-plethysmography
(PPG), introduced in the 1930’s [59] uses light reflections or transmission and is the least
expensive method and simple to use. PPG is based on the principle that blood absorbs light
more than surrounding tissue so variations in blood volume affect transmission or reflec-
tions of light correspondingly. Applications of PPG include monitoring of oxygen saturation
(pulse oxymetry), heart rate (HR), respiration rate (RR), blood pressure, cardiac output, as-
sessment of autonomic functions and detection of peripheral vascular diseases [60]. Remote,
non-contact pulse oxymetry and PPG imaging have been explored only relatively recently
[61, 62].

The body surface movements caused by respiration modify the path length of the il-
lumination light, and the subsequent changes of the reflected light indicate the timing of
respiration events. By capturing the images with camera, the image sensors collect the re-
flected light signal along with noise due to artifacts. As a result, the corresponding variation
of the brightness of the moved chest and abdomen area due to breathing indicate the respi-
ratory events. Thus, the desired signal can be formed over time from a series of captured
images [63]. Wu et al. proposed the method ”Eulerian Video Magnification (EVM)” [64]
to reveal the small motions in videos that are difficult or impossible to see with the naked
eye and display them in an indicative manner. With the help of EVM, the motion of chest
or abdomen area could be enhanced and so the corresponding breathing behavior could be
extracted from the thermal videos or infrared videos [65, 66].

However, there are many limitations within this method. For example, the image acqui-
sition device is a near-IR enhanced camera that is sensitive to light in the visible and near
infrared region. Also, the distance between the device and the subject has not been made
clear in the paper [65]. Another issues is that the methods based on RGB camera require an
ambient source of light, and does not work properly in dark places or under varying light-
ing conditions [63]. Detecting the movement of shoulder or chest caused by the respiratory
cycles may have much space to improve since the corresponding variations are sometimes
too subtle to be captured by cameras especially when the subject is wearing thick clothes.
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Sometimes this kind of brightness variation can be easily interrupted by the noises from en-
vironment and so the extracted signals are not purely the reflections of the breathing cycles.
Another problem remained unsolved is that the distance between the subject and camera
must be within short range or the mentioned variations are difficult to extract even by ad-
vanced algorithms such as EVM. The distance has real impact on the potential real-world
applications of the approach.

In addition to the motion-based detection like chest based or abdomen based methods,
respiration could be detected using thermal-based methods. The work on thermography has
shown that it is possible to track respiration in a contactless manner by monitoring the tem-
perature changes around the nostrils which are caused by inhalation and exhalation during
breathing cycles [67, 68]. Thermal imaging technique can measure temperature in a passive
way and does not require light sources. Similarly, Bennett et al. used EVM to detect breath-
ing rate from thermal video [69]. With the development of imaging devices and decrease of
the price of cameras like infrared and thermal cameras, using these special cameras to detect
respiration rate becomes feasible and promising.

For example, Cho et al. proposed a method to track respiratory rate in high-dynamic
range scenes using mobile thermal imaging [70]. The main contribution of the paper is
that the optimal quantization of the mapping of temperature to pixels was designed, and
the thermal voxel-based respiratory rate estimation to enhance the respiratory signal quality
was proposed. Similarly, Jiang et al. used both visible light imaging and infrared imaging
to detect respiratory infections [71]. The authors proposed a portable non-contact method
to screen the health condition of people wearing masks through analysis of the respiratory
characteristics. The device mainly consists of a FLIR one thermal camera and an Android
phone. The device was designed to help identify those potential patients of COVID-19 under
practical scenarios such as pre-inspection in schools and hospitals. The health screening is
performed through the combination of the RGB and thermal videos obtained from the dual-
mode camera and deep learning architecture. A respiratory data capture technique for people
wearing masks by using face recognition is firstly proposed. Then, a bidirectional recurrent
neural network with attention mechanism is applied to the respiratory data to obtain the
health screening result.

2.3.2 Heart Rate Estimation

Non-contact and low-cost measurements of heart rate (HR) are highly desirable for tele-
medicine [63]. HR is often measured using contact based optical sensors that use PPG i.e.
the variation of transmissivity and/or reflectivity of light through the finger tip as a function
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of arterial pulsation [72, 73], followed by different signal post-processing approaches [74].
This approach works due to the different absorption of certain frequency by hemoglobin
in the blood, compared to the surrounding tissue such as flesh and bone. Non-contact based
optical sensors, have been used to measure HR from a video of a human face [73], by looking
at the variation of average pixel value of the green channel in the subject’s forehead [75].
Though attractive in principle, many of these methods accomplish noise reduction using
linear filters, which are ineffective in the event that background noise falls within the same
frequency band as the physiological signal of interest [76].

Wu et al. in 2000 proposed the experimental setup and preliminary results of a charge-
coupled device (CCD) based Photoplethysmographic Imager (PPGI) which has been shown
to be capable of assessing various disorders of the peripheral venous system by standard test
methods derived from the classical photophethysmographic practice in a noninvasive and
non-contact way [77]. The PPGI is a computer-based imaging system to visualize the skin
vessels and analyze the local changes of dermal blood volume. Their experiment results
show that the system performs as well as the currently available commercial PPG system.
With this pioneering system, Wu et al. demonstrated that camera-based technology could
indeed be used for non-contact measurement of heart rate.

Poh et al. [78] explored the possibility to measure HR from face videos recorded by
a web-cam in 2010. They detected the region of interest (RoI, i.e. the face area) using
Viola-Jones face detector and computed the mean pixel values of the RoI of each frame
from three color channels. Then Independent Component Analysis (ICA) was applied to
separate the PPG signal from the three color traces, and the PPG signal was transferred into
frequency domain to find the HR frequency. Wu et al. in 2012 proposed Eulerian Video
Magnification (EVM) [64] that can visualize the flow of blood as it fills the face which
enables the researchers to measure the HR [79]. Bennett et al. also used the EVM to extract
HR from thermal video with a wide temporal band-pass filter and low amplification factor
as well as with a narrower, targeted temporal band-pass filter and higher amplification factor
[80].

In 2014, Li et al. proposed a framework which utilizes face tracking and Normalized
Least Mean Square adaptive filtering methods to counter the influences caused by the sub-
jects’ motions and illumination variations when the videos are recorded [81]. The framework
was designed to measure heart rate remotely from face videos under more challenging con-
ditions. The proposed framework for HR measurement from facial videos in realistic human
computer interaction (HCI) situations includes RoI detection and tracking, illumination rec-
tification, non-rigid motion elimination and temporal filtering. The researchers also used
the method for long term heart rate monitoring in a game evaluation scenario and achieved
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promising results.
He et al. used EVM to analyze the HR and applied the method to detect the falls [82] in

2018. The proposed system could be used for remote patient monitoring and health informat-
ics for improved detection and identification of the causes of falls. However, these methods
using camera to estimate the HR have the high requirement on the light condition and illumi-
nation. Besides, the motion artifacts and noises generated during the detection have a large
impact on the final HR measurement [83]. One of the most common issues for contactless
HR measurement is about the RoI selection. Traditional methods like manual selection and
tracking algorithms are inefficient. Additionally, most of the recent face detectors cannot
handle the difficult situations. Our methods, as a result, are proposed as a potential solution
for these problems based on our experiments which will be discussed in the later chapters.
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Chapter 3

Methodology

This chapter guides through the methodology developed for respiratory signal detection us-
ing depth camera system and vital signs monitoring using thermal camera in details. Section
3.1 explains the method of using deep leaning based object detection from depth camera to
estimate respiratory signals. The details about how the whole system works and the dataset
creation will be introduced in this section. In the second part, Section 3.2 introduces the ther-
mal camera based system aiming at monitoring several different vital signs of the subject.
We present the comparisons between different face detection algorithms based on our own
dataset.

3.1 Depth Camera Based System

As one of our major contributions, we present the depth camera based system which is
designed to remotely monitor the respiratory signals of the subjects at hospital. We attempt
to locate the position of the subject in the ward based on the depth frames, and then extract
the respiratory-like signal from the radar collection. The detailed experiment information
will be introduced in Section 4.1. This chapter follows the method involved in collecting
data and creating the dataset. Our primary motive for building the dataset was to use it to
train the deep learning model and detect the objects in an automatic way. Our method is
based on existed deep learning networks and trained on our own dataset.

3.1.1 Depth-Radar System

The whole depth-radar monitoring system is composed of one depth camera, one radar and
one mini-computer. The mini-computer is responsible for running the program and storing
the data. Both the depth camera and the radar are connected to the mini-computer and they
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Figure 3.1: The depth-radar monitoring system.
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(a) RealSense D435 depth camera

(b) X4-M03 radar

Figure 3.2: Depth camera and radar device used in our monitoring system.

are running simultaneously to have the same timeline. The depth camera collects the depth
frame to predict the distance between the person and the radar. While the breath-like signal
is collected by the radar.

We are using the Intel RealSense D435 depth camera, illustrated in Figure 3.2a, to capture
the depth frames in the scene like a ward of a hospital or an elderly home. Before we try
to get the respiratory signal from the patients, we determine patient positions relative to the
camera at the very beginning. With the help of the depth camera, it is easy to obtain the
relative position in the ward. According to [84], the depth quality of the RealSense D435
depth camera is really high with an absolute error less than 2 percent when the target is up
to 2 meters. So, once we find the target in the view, the depth extracted can be directly
used for other purposes. Another reason of using the depth camera is to take care of the
identity privacy of the patients. It is vital that the human facial details cannot be obtained and
recovered from the original depth data, so the patients have nothing to worry about during
the treatment. Usually we set the device close to the bed and make the view of camera cover
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the area of patient’s movement just like illustrated in Figure 3.1. Our research is focused on
the estimation of the subject’s respiratory signal during the experiment.

As a part of the monitoring system, ultra wide band (UWB) radar is widely used in
biomedical field nowadays. It is a short-range high-resolution radar emitting electromagnetic
waves with ultra-wide frequency band using relatively low frequencies. The exploitation of
the ultra-wide frequency band provides the high resolution of the radar, which enables UWB
radars to detect respiration motion. The electromagnetic waves emitted in the frequency
bandwidth up to 1.5GHz can penetrate through standard building materials with acceptable
attenuation. Moreover, UWB radar systems can be really light and have small form factor.
We use Xethru X4, illustrated in Figure 3.2b, that is an UWB impulse radar. It provides
sub-mm movement sensing accuracy at distances from 0 to 10 meters depending on target
size. Its accuracy is about 1mm, which means a ultra-high spatial resolution for simultaneous
multi-object tracking and its human presence simultaneous tracking range up to 10m.

3.1.2 Data Collection

The depth camera based system includes a Intel RealSense D435 depth camera, a Xethru X4
ultra wide band (UWB) radar, and a minicomputer Intel Nuc as introduced in Section 3.1.1.
The system is controlled by the minicomputer to execute the commands to collect the data
and store the data in the hard drive. In order to keep both the depth frames from depth camera
and radar data from UWB radar collecting simultaneously, both radar and camera data are
recorded together with time indexes. Since that we set the depth camera collecting data in
3 frames per second (fps), and so we have around 180 frames in one minute. Similarly, the
sampling rate of radar is set to 17 fps, and duration of each data package is 1 minute. Even
though the depth camera’s sampling rate is different from the UWB radar sampling rate, we
encapsulate the data minute by minute which means that both the depth frames and radar
data are collected and stored in the format of one minute package.

Depth Data

In order to develop a system for continuous monitoring of people, we first had to collect
data for the period of several days or weeks and storing depth images requires a lot of space.
The original depth data collected by the camera are in 16 binary bits and the size of each
frame is 1280 × 720 [84] which takes around 14 Mb for each frame. While collecting
the depth frame, the imencode function in OpenCV [85] is used to compress the image and
store it in the memory buffer that is resized to fit the result. Then we decided to use lossless
compression Portable Network Graphics (PNG) format in the compression encoding because
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we want to keep as much depth information of each pixel in the image as possible. However,
PNG format compresses digital images at a larger file size while reserves the details so the
size of each original depth frame is around 700 Kb saving half of the space compared to
the uncompressed original data. Similarly, to save the space that each frame will take of
the storage while maintaining the basic function, the sampling rate is set to 3 fps. Though
the sampling rate cannot change too much in a long continuous period, the number of depth
images collected in each one-minute packages that we compress and store varies a little bit
due to the system delay. It is hard to directly process the invisible distance data unless we
change the format to a way that is visible to us human being. Illustrated in Fig. 3.1, we
transfer the 16 bits data into 8 bits data and finally get a depth-based grayscale image. We
use the proportionate matching strategy to proportionally match the 16-bit depth distance
into the 8-bit value ranging from 0 to 255 pixel by pixel. And the grayscale image is lossyly
compressed using JPEG format to minimize the image size and save the space.

Figure 3.3: Grayscale depth image (1280× 720)

Radar Data

The original data from Xethru X4M03 radar modules are received as individual frames and
each frame consists of an array of numbers corresponding to the amplitude of the received
signal at given time instances. These time instances correspond to distances as explained
above at Section 3.1.1 and each frame is saved as a 2-dimension matrix with the first column
corresponding to the timestamp when the radar data was received. For the remainder of this
thesis, the time instances within each frame are referred to as fast time and the times between
each frame are referred to as slow time. An example of the data format corresponding to the
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X4 radar can be seen in Figure 3.4. The radar data for a specific time window are organized
as an M × N matrix where M is the number of recorded frames (slow time) and N is the
number of points (range bins) in the fast time direction. Each range bin indicates 5 cm length
in real world space, and Xethru X4M03 radar has a detect range up to 10 m, so there are close
to 200 range bins in radar record. The sampling rate of radar is set to 17 frames per second,
and duration of each package is 1 minute. So the radar data found within the 180 range bin
have a fixed length of 60 seconds.

Figure 3.4: Data format used for collecting data from the Xethru X4M03 module.

3.1.3 Dataset Creation

VGG Image Annotator (VIA)

We start with building our own dataset based on the images collected from the depth camera
system after obtaining the data from the hospital. The depth image dataset is designed to
train the deep learning based neural network for the task of object detection. We annotated
the depth frames through VGG Image Annotator (VIA) tool [86] and labeled more than
thousands of depth images.

In our training dataset, polygon is selected to draw the outline of the subject just like
illustrated in Figure 3.5. The training dataset includes different postures of the 6 subjects
from the local hospital, mainly lying in the bed. Since that the subject is usually covered
with the blanket when he or she is lying in the bed, we draw the polygon outline based on
the upper body which is obviously visible to the human eyes. Another reason behind this is
that the chest and shoulder part of the body play an important role in defining the interested
region to detect the respiratory rate via UWB radar. Plus, the class of the selected region is
labeled as person so there are totally two different classes of the depth image. One of the
class is person, and another one is the background.

VGG Image Annotator is a simple and standalone manual annotation software for im-
age, audio and video. The VIA software allows human annotators to define and describe

41



Figure 3.5: Screenshot of the VIA annotation tool.

regions in an image. The manually defined regions can have one of the following shapes like
rectangle, polygon and point. Rectangular shaped regions are very common and are mostly
used to define the bounding box of an object. Polygon shaped regions are used to capture the
boundary of objects having a complex shape.

COCO Annotator

In addition to the VIA tool used to create our own datatset mentioned previously, we also
used COCO Annotator [87] to label and build a smaller dataset with keypoint labels based
on depth images. Because at the time we created our first dataset, the aforementioned VIA
tool was not capable of labeling the point shape that is used to define keypoints in the depth
images. Besides, we decided to firstly detect the mask of the human body and then to try the
keypoints detection only if the mask segmentation performance satisfies the requirements
for our task. After the testing on our first mask dataset, we found that COCO Annotator
provides many distinct features including the ability to label an image segment (or part of a
segment), labeling objects with disconnected visible parts and discrete keypoints, efficiently
storing and exporting annotations in the COCO format. The annotations are all stored using
JSON where the detailed information of COCO format dataset will be introduced in Section
4.2. COCO Annotator is also a web-based image annotation tool designed for efficiently
label images to create training data for image localization and object detection.

The annotation process is delivered through an intuitive and customizable interface and
provides many tools for creating accurate datasets. COCO Annotator allows us to annotate
images using curves or polygons. Besides, we add the keypoints annotation in our new
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dataset, mainly labeling the neck, left shoulder, right shoulder, and check points on the depth
images. While the mask segmentation is almost the same with VIA tool.

Figure 3.6: Interface of the COCO Annotator.

3.1.4 Body Tracking Method

The whole depth camera based system aims at monitoring and estimating the respiratory
rate of the subjects in the hospital ward. The first part of the method is detecting object from
the blurry grayscale depth images. While the second part is using radar data to extract the
desired signals. Figure 3.7 illustrated that two streams of the method are connected, and the
second one is depending on the predicted result of the first.

To predict the location of the subject, we applied a deep learning based neural network
Mask R-CNN to detect the human body in the first stream. Since the subject is lying in the
bed and covered with a blanket, the contour of the body must be first found and predicted
rather than only the bounding box. Mask R-CNN proposed by He et al. in 2018 [88], is
a extended and improved version of the framework of aforementioned Faster R-CNN [35].
Compared to the previous Faster R-CNN, Mask R-CNN adds a branch for predicting an ob-
ject mask in parallel with the existing branch for bounding box recognition. The approach
efficiently detects objects in an image while simultaneously generating a high-quality seg-
mentation mask for each instance. The framework of Mask R-CNN is illustrated as Figure
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Figure 3.7: Workflow of the whole system including body tracking and RR detection.

3.8.

Figure 3.8: The Mask R-CNN framework for instance segmentation cited from [88].

We applied ResNet-50 as the network backbone which extracted features from the final
convolutional layer of the 4th stage. The extracted feature maps are fed into a region proposal
network (RPN) based on ResNet-50 to create RoIs. Mask R-CNN predicts an m × m mask
that encodes an input object’s spatial layout from each RoI using a fully convolutional net-
works [89]. The author proposed an RoIAlign layer to properly align the extracted features
with the input using bilinear interpolation strategy so that the pixel-accurate masks could be
predicted. After the operation of aligning the features with the original image, the network
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head deconvolves and enlarge the feature map to the input size facilitating the accurate masks
prediction. Mask R-CNN adopts the same two-stage procedure as aforementioned Faster R-
CNN [35], with an identical first stage which is RPN proposing candidate bounding box. In
the second stage, in parallel to predicting the class and box offset, Mask R-CNN also outputs
a binary mask for each RoI. In training process, a multi-task loss on each sampled RoI is
defined as:

L = Lcls + Lbox + Lmask (3.1)

where the classification loss Lcls and bounding-box loss Lbox are identical as those defined
in Faster R-CNN [35]. The classification loss Lcls is log loss over two classes that is object
versus not object. The bounding box regression adopts the box’s center coordinates and its
width and height as parameters and uses the robust loss function smooth L1 to regress Lbox.
Mask loss Lmask is defined as the average binary cross-entropy loss and applies a per-pixel
sigmoid.

Since that the input of our method to track the human body is depth-based grayscale
images, it needs to modify and customize the network settings to transfer learning from the
previous prediction model trained on common RGB images which will be introduced in
Section 4.3.1.

Besides, the purpose of our detection model is not only tracking the human body con-
tinuously but also estimating the distance between the target and the sensor. Mask R-CNN
generates the mask of the incomplete human body that is much like the silhouette of the
person mainly including the head, the shoulders, and chest of the subject since the subject’s
body are often covered with blanket in our scenario. The mask of subject represents a region
that could be distinguished in the image. We can calculate the centroid point of the mask, as
known as image moments, by recreating a binary image based on the masks generated from
the Mask R-CNN.

An image moment is a certain particular weighted average (moment) of the image pixels’
intensities, or a function of such moments. For a 2D continuous function f(x, y) the moment
(sometimes called ”raw moment”) of order (p+ q) is defined as:

Mpq =

∫ ∞
−∞

∫ ∞
−∞

xpyqf(x, y)dxdy (3.2)

for p, q = 0,1,2,... Adapting this to scalar (greyscale) image with pixel intensities I(x, y), raw
image moments Mij are calculated by:
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Mij =
∑
x

∑
y

xiyjI(x, y) (3.3)

The image properties like centroid point coordinates derived via raw moments is defined
as :

(x̄, ȳ) = (
M10

M00

,
M01

M00

) (3.4)

In the end of body tracking stream, the coordinates of the geometric center point calculated
from the Mask R-CNN is then back-forwarded to the original depth image and extract the
depth information of the pixel.

3.1.5 Respiratory Signal Detection

Mask R-CNN framework helps us to find the location of the subject in the room and the depth
image give out the distance between our monitoring system and the subject. The estimated
center point that could be seen as the position of the RoI consisted of chest, is what we are
going to search in the radar detection range bin. X4-M03 UWB radar in the system collects
data varied in 180 range bins. The key of radar respiration monitoring is to identify the range
bin where the subject’s chest is located and to extract the breath like signal. Once we get
the distance from the body tracking framework, we can look into the corresponding bin by
using the estimated distance, extract and process the radar signal from the estimated range
bin and the radar signals from the range bins in its proximity, as illustrated in Figure 3.7. In
addition the algorithm is applied for screening the real respiratory signal that has the certain
curve shape or the number of peaks corresponding to the respiratory rate.

3.2 Thermal Camera based System

The thermal camera based system is designed for measuring subjects’ vital signs including
body temperature, respiratory rate (RR), and heart rate (HR). The remote vital signs measure-
ment consists of ROI detection and signal processing. The steps of remotely estimating HR,
RR, and body temperature is shown in Figure 3.9. In this study, both RGB and thermal cam-
era are used simultaneously to measure HR, RR and body temperature. The RGB camera is
used to detect and track human subject’s face, and thus locate ROIs from the video sequence
to estimate HR. And with the help of image alignment process, these ROIs can be located on
the simultaneous thermal video frames and then HR, RR, and the body temperature can be

46



estimated.

Figure 3.9: Workflow of the thermal camera based system.

3.2.1 Face Detection

We apply different face detectors to detect faces from the RGB frames. By comparing dif-
ferent face detectors like MTCNN [47], S3FD [53], PyramidBox [90], and the RetinaFace
[91] framework in our scenario, we find the best one that is suitable for detecting the faces
with the masks. Because in most of the time more than half of the faces are occluded with
the mask in our use case. In addition we also need to detect the facial landmarks of each
face. We find that RetinFace can handle the problems very well in various aspects which the
result will be given and discussed in Chapter 4.

RetinaFace [91] proposed by Deng et al in 2019, ranks second in the competition of
WIDER FACE (Hard). It is a practical single-stage deep learning based face detector work-
ing on each frame of the video. We choose it because its advantage in harder face detection
like occluded faces over other frameworks which will be introduced in next chapter. Addi-
tionally, RetinaFace can detect multiple faces in one image which makes it possible for our
method to detect multiple subjects’ vital signs at the same time.

RetinaFace is designed based on the feature pyramids with independent context modules
as illustrated in Figure 3.10. Feature pyramid is just like the FPN mentioned before [36].
Context modules on feature pyramids is applied to enlarge the receptive field from Euclidean
grids and enhance the model’s contextual reasoning power for capturing tiny faces [92].
Because convolutional features at higher layers tend to have larger receptive fields, smaller
receptive fields necessitate the use of lower layer features. Besides smaller receptive fields
do better for small faces, because the entire face is visible. Adding context helps to accurate
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detection on small instances and find low-resolution faces in our case. Following the context
modules, we calculate a multi-task loss for each anchor.

Figure 3.10: An overview of the single-stage RetinaFace localisation approach cited from
[91].

RetinaFace is training with manually annotated five facial landmarks on the WIDER
FACE dataset including eye centers, nose tip, and mouth corners. Besides RetinaFace used
multi-task learning in the training with the facial landmark regression loss:

L = Lcls(pi, p
∗
i ) + λ1p

∗
iLbox(ti, t

∗
i )

+ λ2p
∗
iLpts(li, l

∗
i ) + λ3p

∗
iLpixel

(3.5)

Face box regression loss Lbox(ti, t
∗
i ), where ti and t∗i represent the coordinates of the pre-

dicted box and ground-truth box associated with the positive anchor. Facial landmark re-
gression loss Lpts(li, l

∗
i ), where li and l∗i represent the predicted five facial landmarks and

ground-truth associated with the positive anchor. Both face box regression and the five fa-
cial landmark regression employ the target normalisation based on the anchor centre using
smooth-L1 function defined in [35]. The facial landmarks are important for the division of
the face and detection of our interested regions as illustrated in Figure 3.11. The framework
applied single-stage methods that is much faster compared to the two-stage methods, and
used context modules to enhance the model’s contextual reasoning ability. In addition, Reti-
naFace also employed light-weight MobileNet as the backbone networks which could run
considerable real-time speed of 20 fps at multi-thread CPU for 1920× 1080 images, and 60
fps at single-thread CPU for 640× 480 images. As a result, it is capable of being used in
real time detection with the image size in our scenario and has much potential to deploy the
whole framework on the mobile devices like smart phones.

3.2.2 RoIs detection

After detecting the face and facial landmarks, three different ROIs are identified based on
the previously detected facial landmarks and extracted from RGB videos frame by frame for
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vital signs’ estimation as illustrated in Figure 3.12.

Figure 3.11: Facial landmarks and partitions detected at 1.2m.

Most of the non-contact thermometers measure body temperature on forehead, as our
forehead emits heat in the form of infrared radiation. In this study, a single point on forehead
is identified as the interested point (Tx, Ty) for body temperature estimation. After detecting
the bounding box of the face and locating the positions of the eyes, the height of the forehead
can be divided as 1

3
of the height between the upper bound of the face box and y coordinates

of the eyes. We set Tx as the average of x coordinates of the left eye and right eye. And Ty is
set as half the height of forehead.

The forehead area is also selected as the ROI for remote heart rate estimation. Blood cir-
culates from the heart to the head through the carotid arteries during each cardiac cycle. This
periodic inflow of blood effects both the optical properties of facial skin and the mechanical
movement of the head which enables remote HR measurement on forehead. In this study,
the forehead ROI used for HR measurement is based on the center-point defined above as
(Tx, Ty). The width of the forehead area is set as 80 percent of the width of the bounding
box of the detected face. Similarly, the height of forehead area for HR detection is set as 2

5

of the forehead height defined previously because the area cannot include the eyebrows and
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hair.
In this study, nostril is determined as the ROI for respiration rate estimation. Warm air

from inside the lungs is released through respiratory system and it increases the temperature
in the nasal region during exhalation, whereas cool air from the external environment is
breathed in and it lowers the temperature in the nasal region during inhalation. Therefore,
the respiration waveform can be obtained by using an infrared thermal camera to measure
such nasal-region temperature changes associated with respiration. As a result, the nostrils
area are chosen as ROI for respiratory signal detection. The nose tip landmark is chosen
as the center-point of nostril area. So we assign the 90 percent of the distance between
two mouth corners to the width of nostril area, and 60 percent of the distance between y

coordinate of nose tip to the average y coordinates of mouth corners to the height of the
nostril area. Although the human facial temperature distribution is internally controlled by
blood vessel regulation, ambient temperature is an external factor that affects the thermal
pattern in detection. We do not need to figure out the precise temperature values within the
nostril ROI. Alternatively we focus more on the temperature variation that related to the each
breath.

Figure 3.12: ROI in RGB frame and thermal frame.

3.2.3 Frame Registration

According to the specs of the RGB camera and thermal camera, we match the RGB frame
to the thermal frame because the thermal camera has lower resolution compared to the RGB
camera. In our system, two cameras are placed side by side in the same plane. Consequently
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the alignment of frames from two cameras is simplified to an affine transformation problem.
Affine transformation is a linear mapping method that preserves points, straight lines, and
planes. Sets of parallel lines remain parallel after an affine transformation. We only consider
translation and scaling in our two-camera system.

Figure 3.13: Registered synchronous frames from two cameras.

Transformation matrix T is defined as

T =

 sx 0 0

0 sy 0

tx ty 1

 (3.6)

where tx specifies the displacement along the x axis, ty specifies the displacement along
the y axis, sx specifies the scale factor along the x axis, and sy specifies the scale factor along
the y axis.

Translation transformation is caused by the difference between the position of the two
parallel cameras. Since the imaging planes of RGB camera and thermal camera are within
the same plane, the displacements are along the x axis and y axis. Scale transformation is
caused by the focal length. The lens of RGB camera has shorter focal length compared to
the lens of thermal camera, and so RGB camera captures much wider field of view while
smaller picture. The registered synchronous frame from RGB camera and thermal camera is
illustrated in Figure 3.13.
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3.2.4 Vital Signs Estimation

Body Temperature Measurement

Thermal camera can measure subject’s surface skin temperature without being physically
close to the person being evaluated. Forehead center point (Tx, Ty) in the thermal image
has the corresponding temperature of which on the surface skin. Different from the pixel
value of (Tx, Ty) in the thermal image that has been transformed and using the palette to
be visible, the temperature values of each pixel point within the image are original and raw
data calculated from the materials emmissivity table. Besides, all of 256× 192 temperature
values in one frame are stored in a list following the sequence of pixel array. Coordinate of
forehead center point is functioning as key of the dictionary to extract forehead temperature.
However, the thermal system measures surface skin temperature, which is usually lower than
a temperature measured orally, and the experiment also shows that the environment could
have impact on the measurement like the detection range and environmental temperature. So
there are some difference between measured value and real body temperature that will be
discussed in Chapter 4.

Respiration Rate Estimation

After locating the nasal region from thermal video, the breath-like signal is extracted by
averaging the values of all pixels withinROInostril frame by frame. However, the respiratory
features extracted directly from the original thermal frames are weak when the respiration-
induced thermal variance is weak, e.g. during shallow breathing. Besides, the low spatial
resolution of the thermal imaging also leads to the weak signal. Consequently, we applied
histogram equalization to solve the weak signal problem. Histogram equalization is an image
processing technique that adjusts the contrast of an image by using its own histogram. Here
we use the Contrast Limited Adaptive Histogram Equalization (CLAHE) algorithm [93] to
increase the contrast by spreading out the most frequent intensity values. As a result, we
enhance the variation of RoI in thermal frames as illustrated in Figure 3.14 before we attempt
to extract the respiratory feature.

Then, a 2nd order Butterworth bandpass filter with a lower cutoff frequency of 0.15 Hz
and a higher cutoff frequency of 0.5 Hz (corresponding to 9-30 bpm) was applied for noise
removal. The power spectrum of the extracted breath-like signal was obtained by applying
Fast Fourier Transform (FFT) and the respiratory frequency is designated as the frequency
that corresponds to the highest power of the spectrum. Therefore, the respiratory rate is
obtained by multiplying respiratory frequency with 60.
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Figure 3.14: CLAHE is applied to the original thermal image (left) and enhance the contrast
of detected RoI nostril area in the image (right).

Heart Rate Estimation

In this study, the independent component analysis (ICA) is applied for remote heart rate es-
timation which was originally employed in [78]. For ROIforehead extracted at time point t,
the observed signals from red, green and blue channels are denoted as x1(t), x2(t) and x3(t)
respectively, which are the averages of all pixels in the ROI region.Then, the raw RGB traces
are normalized as follows:

x,i(t) =
xi(t)− µi

σi
(3.7)

Where, µi and σi for i = 1, 2, 3 are the mean and standard deviation of xi(t) respectively.
The normalized raw traces are then decomposed into three independent source signals

using ICA. The joint approximate diagonalization of eigenmatrices (JADE) algorithm de-
veloped by Cardoso [94] is applied, and the second component which always contains the
strongest plethysmographic signal is selected as the desired source signal for heart rate esti-
mation. One 3rd order Butterworth bandpass filter with a lower cutoff frequency of 0.8 Hz
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and a higher cutoff frequency of 2 Hz (corresponding to 48-120 bpm) is applied for noise
removal. Finally, the power spectrum of the selected source signal is obtained by applying
fast Fourier transform (FFT) and the pulse frequency is designated as the frequency that cor-
responds to the highest power of the spectrum. The heart rate is obtained by multiplying
pulse frequency with 60.
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Chapter 4

Experiment and Results

This chapter documents and discuses the results of:

• Details of the depth image dataset

• Results of body tracking based on our own dataset

• Results of the face detector model’s performance tested with the data collected in our
lab

• Results for vital signs estimation and comparison with the reference dataset

4.1 Experiment Details

Both the depth camera based research and thermal camera based research have applied for
the ethics approval of University of Ottawa. Besides the University of Ottawa Research
Ethics Board has given certificate of ethics approval for both the research. Ethics approval
is valid for the period indicated in the application form and is subject to the conditions listed
in the section entitled “Special Conditions or Comments”.

4.1.1 Depth Camera based Research

The purpose of this research is to develop a system that is capable of obtaining information
pertaining to a human subject’s vitals and state of activity using non-contact sensors in real
time. The vital signs that this system attempt to monitor are the subject’s breathing. The
system was installed in the ward at hospital just like what is illustrated in Figure 3.1. For
each collection, the system works for 48 hours to collect depth data, radar data and store them
in the minicomputer under the requirements of the related ethical approval. We recruited 6
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volunteer patients at the University of Ottawa Heart Institute, and the whole collections were
made between July to December in 2019.

The system is developed specifically for use in nursing homes and hospitals. Vital signs
are needed so that alarms can be sent to care takers in the event of a drastic change in
health, such as if the subject stops breathing or some other unhealthy breath patterns like
sleep apenea. In addition, information regarding the activity or mobility and posture of the
subject is of interest to physicians so they can know how active their patients are on a daily
basis. Two sensors are studied: an ultra wide-band (UWB) radar and a 3-D depth sensor.
The purpose of using multiple sensors is to be able to combine the individual advantages
together for solving the problem of contactless respiratory signal estimation. Software has
been developed so that all sensors can be connected to one computer and they can begin
recording data at the same instance in time. The research can ensure that the data from each
modality is synchronized in time so that they can be compared properly during processing.
Data fusion using the two sensors is also explored as a potential solution.

During analysis, only information regarding the test procedures are used. Personal in-
formation regarding the subject are not be needed or stored. This research will contribute to
health care in Canada with respect to assurance of well being in nursing homes. The goal of
this project is to develop a system that when applied in nursing homes can monitor vitals at
a distance as well as keep track of the level of activity of occupants on a daily basis. This
system is designed to preserve the privacy of individuals being monitored, be non-obtrusive,
contact free and relatively affordable. Vital sign information from this system would allow
for quick response to medical emergencies without requiring an alert issued by the person
experiencing the emergency. This is especially important for emergencies that may leave the
patient incapacitated and unable to issue and alarm, or for patients who may be reserved to
issue an alarm when they need help. It will also help physicians gain information about how
active their patients are on a daily basis so they can make informed recommendations for
healthier lifestyles.

4.1.2 Thermal Camera based Research

The goal of this project is to implement a stand-alone system with a thermal imaging camera
that would allow for real-time processing and estimating the following vital signs of people:
temperature, heart rate and breathing rate. We will consider two different systems, one fixed
at the entrance doors that determines temperature range of incoming people and another one
fixed in the rooms of subjects that points towards the areas where they spend most of their
time.
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In the first subproject, the participants are expected to come in to the area of interest.
The thermal camera is fixed at the entrance doors and it determines the temperature scope
of incoming people. The task is tracking multiple people and their facial features using
combination of RGB and thermal cameras and detecting fever of multiple people at once.
The subject stands before our system for 15 to 20 seconds, and our system estimates the
heart rate, respiratory rate of the subject by processing the data from cameras. Thermometer
is also used to collect the temperature of the human body as baseline data. All the data
collection take place in our laboratory at the University of Ottawa.

The goal of the second subproject is to monitor the subjects for a continuous longer pe-
riod of time. Thermal camera is fixed in the rooms of subjects pointing towards the areas
where they spend most of their time. The system allows for continuous monitoring of their
breathing rate, heart rate and temperature. The system is stationary and will focus on mon-
itoring only a single subject. Data are be recorded for 10 subjects in a lab located in SITE
5130. Four sensors are used during the recording procedure: thermal camera, RGB camera,
thermometer and respiratory impedance plethysmography (RIP) belt. The RIP belt is be used
for collecting baseline vital sign information so that the algorithms developed for processing
the data from the non-contact sensors can be evaluated.

All the thermal data are collected in the format of series of frames while we process the
offline data frame by frame. Temperature range could be directly extracted from the thermal
image, and once the RoI has been selected, the temperature variation inside the selected
area could be extracted. Temperature data collected from the thermometer are written in
csv file and used as baseline standard to testify the thermal camera function. In the HR
and RR estimation portion of analysis, the outputs of the algorithms are compared with the
baseline data to estimate accuracy and confidence intervals. Baseline data are determined
from the RIP by computing the average rate in each sample using simple spectrum peak
detection. During the analysis, only information regarding the test procedures are used.
Personal information regarding the subject are not be needed or stored.

The test protocol was developed to ensure proper controls and avoid any biasing for clas-
sification of activities and postures. The test protocol requires the subject to perform varying
levels of activity while sitting, standing and lying down, as well as simulating stop breathing
events by holding their breath for as long as possible while in each of the three postures.
Tests are performed in different locations throughout the room so that the algorithms can be
developed invariant to location and relative angle. Uncontrolled, or random tests are also be
performed so that the developed algorithms can be tested on data that will closely represent
real life data. In addition to the regular test protocol, 10 minutes of empty room data are
recorded before each day of testing for use in classification of room occupancy.
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4.2 Depth Image Dataset

All the raw depth images are converted to grayscale images visible to human eyes using
the methods introduced in Section 3.1.2. Then we use VIA annotation tool to label the depth
images just like the approach discussed in Section 3.1.3. Some examples of the depth dataset
are as illustrated as Figure 4.1.

We annotated all the images by pointing out the contour of the human body that includes
head, neck, shoulders, and the chest region. The exported file is in JSON format, and is
consisted of the name of image, the mark type, and all the mask points’ x and y coordinates.
Currently, we only have 1000 labeled depth images for training and 200 labeled ones for
testing so the scalability of our model remains to be further tested. Our training dataset
includes as much as possible different postures of the subjects from what we collected from
the hospital. However, there are still a lot postures and scenes we have not contained in both
the training and test dataset.

We also used COCO Annotator [87] to build our human pose dataset. This dataset is
just like the previously one annotated by VIA tool. The only difference is that the COCO
Annotator also labels the keypoints on the depth images other than just mask segmentation as
illustrated in Figure 4.2. However, this 4-keypoint human body dataset is relatively smaller
because of the time-consuming annotation work, the training dataset has 100 images and
testing dataset has 20 images.

In COCO format, each object instance annotation contains a series of fields, including
the category id and segmentation mask of the object as illustrated in Figure 4.3. The seg-
mentation format depends on whether the instance represents a single object (iscrowd=0 in
which case polygons are used) or a collection of objects (iscrowd=1 in which case RLE is
used). Note that a single object (iscrowd=0) may require multiple polygons, for example if
occluded. Crowd annotations (iscrowd=1) are used to label large groups of objects (e.g. a
crowd of people). In addition, an enclosing bounding box is provided for each object (box
coordinates are measured from the top left image corner and are 0-indexed). Finally, the
categories field of the annotation structure stores the mapping of category id to category and
supercategory names. A keypoint annotation contains all the data of the object annotation
(including id, bbox, etc.) and two additional fields. First, ”keypoints” is a length 3k array
where k is the total number of keypoints defined for the category. Each keypoint has a 0-
indexed location x,y and a visibility flag v defined as v = 0: not labeled (in which case
x = y = 0), v = 1: labeled but not visible, and v = 2: labeled and visible. A keypoint is
considered visible if it falls inside the object segment. ”num keypoints” indicates the number
of labeled keypoints (v > 0) for a given object (many objects, e.g. crowds and small ob-
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Figure 4.1: Examples from the training dataset.
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Figure 4.2: Examples from the 4-keypoint dataset.

jects, will have num keypoints=0). Finally, for each category, the categories struct has two
additional fields: ”keypoints,” which is a length k array of keypoint names, and ”skeleton”,
which defines connectivity via a list of keypoint edge pairs and is used for visualization as
illustrated in Figure 4.3.
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Figure 4.3: COCO JSON file example.
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4.3 Results of Body Tracking

4.3.1 Network Customization and Fine-tuning

Mask Detection

Figure 4.4: Model for mask detection epoch loss result based on 100 epochs training.

We present the results of our model fine-tuned based on the created training set. Mask
R-CNN is implemented using Python 3.6 and Tensorflow 1. We trained the human body
detection model based on our own labeled dataset mentioned above and tuned it with the
weight previously trained on COCO dataset [95]. In detail, since we use a very small dataset
compared to the huge COCO dataset and utilise the weight that is previously trained on the
COCO dataset, we do not need to train too long starting from scratch. Also, there is no need
to train all layers, just the fully-connected layers in the network should do it. Another basic
modification is the input of the network because we use the depth images in our dataset.
Since all the depth data are grayscale images which only have one color channel and they are
totally different from the format of images in the COCO dataset. So we rebuild and fine-tune
the one-channel depth images to the three-channel RGB images that have three identical
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color channels.
The learning rate is set to 0.001 and the training process is performed on Nvidia Tesla

P100 GPU. After 100 epochs training process, the aforementioned loss that is the sum of
Lcls, Lbox, and Lmask for the masks head on training dataset has dropped from 0.7498 to
0.1850 as illustrated in the Figure 4.4. In addition, the fine-tuned detection model runs at
average 1 frame per second on an Nvidia GeForce GTX 1050 Ti. However, currently we
only have 1000 labeled depth images for training and 200 labeled ones for validation so the
scalability of our model remains to be tested.

Figure 4.5: Model for keypoints detection epoch loss result based on 100 epochs training.

The reason why we use fine-tuning that is one trick of transfer learning is because it has
the benefit of decreasing the training time for our neural network model and can result in
lower generalization error. Besides, transfer learning can save the amount of labeled data
for the training dataset when the first related problem has a lot more labeled data than the
problem of our interest [96, 97].
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Keypoints Detection

We also trained a Mask R-CNN based model to detect the 4 keypoints of the human body. We
model a keypoint’s location as a one-hot mask, and adopt Mask R-CNN to predict 4 mask,
one for each of 4 keypoint types. These 4 keypoints include neck keypoint, left shoulder
keypoint, right shoulder keypoint, and chest keypoint. We make minor modifications to
the segmentation system when adapting it for keypoints. For each of the 4 keypoints of an
instance, the training target is a one-hot binary mask where only a single pixel is labeled as
foreground. During training, for each visible ground-truth keypoint, we minimize the cross-
entropy loss over a softmax output (which encourages a single point to be detected). We note
that as in instance segmentation, the 4 keypoints are still treated independently. Models are
trained on all COCO format images that contain annotated keypoints.

However, as illustrated in Figure 4.5, the val loss increases with the training which
shows severe overfitting. Overfitting happens when a model begins to focus on the noise
in the training data set and extracts features based on it. This helps the model to improve
its performance on the training set but hurts its ability to generalize so the accuracy on the
validation set decreases and val loss keeps growing. Overfitting in our scenario is probably
caused by the small size of training dataset.

4.3.2 Object Detection Analysis

As illustrated in the Figure 4.7, the output of body tracking algorithm includes the colored
mask area and two important values: the ”person” class probability and the center point
distance. The example figures show both the original input depth grayscale frames and the
results output from our body tracking method. The mask area is predicted by Mask R-CNN
based model and the ”person” class probability number indicates the probability of the class
where the object belongs to. The estimated distance is extracted from the raw depth frame
by using the pixel’s coordinates that are located at the geometric center point of the mask
area.

Mask Detection

After 100 epochs training, we obtain a Mask R-CNN based model that represents the certain
number of neurons and weights of the network. We use this model to predict the ROI of
each image. When the tested image is put into the neural network, the pre-trained model
inspects and infers the input and then gives the prediction based on its own weights. Since
there are more than one prediction with different shape and class probability generated by
the inference model, just as illustrated in Figure 4.8, we set the threshold to filter out the
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Table 4.1: Parameters and APs of the model.

Parameters FLOPs AP AP IoU=0.50 AP IoU=0.75

Mask RCNN 44,662,942 205,931,594,377 0.413 0.707 0.508
The table lists main features and APs of the Mask RCNN based methods for object
detection trained on our own depth image dataset.

worse predictions. We threshold the confidence probability of the detected object, and put
the bar to 95% which means that we only take the predictions with class probability more
than that number. Our Mask R-CNN model has 44,662,942 parameters and 205,931,594,377
floating point operations per second (FLOPs). The mAP computed based on our testing set
according to the evaluation metrics in Section 2.2.5 is 0.707 when we set the IoU threshold
to 0.5 as listed in the Table 4.1. The performance of our model could also be evaluated by the
precision-recall curve as illustrated in Figure 4.6. Besides, the inference result generated by
our model as shown in Figure 4.7 gives out the red-colored mask region with a white-colored
center point, as well as the ”person” class probability and distance extracted from the raw
depth data.

Figure 4.6: Precision-recall curve of our model.
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However, the model is still not robust enough and sometimes will mistake the interested
region and detect wrong objects. As shown in Figure 4.8, our model detects the object and
gives prediction of different class probabilities. The three different colored regions such as
blue, red, and green separately represent three different predictions with different probabil-
ities. Besides, many of these predictions are incorrect estimations, and even with the high
probability like the green one that is not even connected. Although higher the confidence
probability, as the example illustrates, the closer the predicted mask area is to our ROI of the
object detection task in the whole image, it is hard to pick up the right prediction by looking
at the probabilities.

Figure 4.7: Body tracking result example.

We do not have enough resources to validate the accuracy of the distance measurement
except the distance between the depth camera and the bed measured before the whole ex-
periment. By taking into account time it takes to process the depth frames, it is feasible to
realize the human tracking in real time based on depth camera and provide the radar system
with a reference range.

Keypoint Detection

As illustrated in the Figure 4.9, our model has detected two objects, one in red and another
in blue within the whole scene; however, there is only one subject (blue one) in the scene.
The red colored mask, as well as the 4 keypoints, are false predictions given by the model.
Similarly, the blue colored mask also includes a false area that does not belong to the subject
even if the 4 keypoints predictions are accurate. In conclusion, the results generated by our
keypoints detection model are not good as well due to the small size of training dataset. The
100 images training dataset generates an overfitted model that takes what is not the right
mask as the prediction. These incorrect mask predictions definitely give out the incorrect
predictions of keypoints because of the unsatisfactory precondition. As a result, this keypoint
detection model is currently not applicable for the task of detecting keypoints based on depth
frames at all.
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Figure 4.8: Unsatisfactory predictions generated by our body tracking model.
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There exists a COCO dataset with labeled human keypoints. However, the keypoints are
based on the RGB images rather than our depth images and each of the person is labeled with
17 keypoints instead of 4 keypoints like in our dataset. It is hard to perform transfer learning
from the pre-trained keypoints model. The reason why we want to detect the keypoints like
neck and chest is that the geometric center point estimated based on the mask mentioned
in Section 3.1.4 is still not precise sometimes. The region confined by shoulders, neck and
chest is exactly the area where respiratory signal is most obvious to be observed by the radar.
Consequently we want to narrow down the interested region much more to just a few pixel
area. In order to implement the accurate keypoint detection, we have to increase the size of
training dataset and also try to include different scenarios in our dataset which will be further
discussed in Chapter 5.

Figure 4.9: Keypoints detection result example.

Existed Limitations and The Reason

Figure 4.7, Figure 4.8, and Figure 4.9 show the detection results of Mask R-CNN based
model training on our own dataset. We aim at designing a system that could detect our
targeted subjects in the depth frames, and estimate the distance between the subject’s chest
and camera. The difficulty is mainly in detecting object in depth images since there is a
lack of related datasets composed of well-labeled depth images. In addition, several possible
reasons that limit the performance of our model are described next.

68



First of all, the quality of depth images remains to be improved. As shown in the figures
above such as Figure 4.9, there is a lot noise in the depth image. Since depth camera takes
the reflected infrared light as the pixels’ value and environmental light interference always
has impact on the reception, and so there are many black dots in the image. Some texture of
the cloth will even absorb the infrared light emitted by the depth camera, which is also bad
for depth camera’s reception and makes the noise in the image. In addition, another reason
for causing the bad image quality is the lossy compressing method that we applied to store
the images. We convert depth images into 2 dimensional JPG format in order to reduce the
hard drive space occupied by images, which however causes some loss to the original data.

Another big problem is the size of training dataset and validation dataset. Since the whole
annotation work is done by myself, it consumes a lot of time to label thousands of the images.
Even though Mask R-CNN can be applied to small-size dataset because there are existing
weights pre-trained on the huge COCO dataset and we can perform transfer learning, our task
is a bit different and our dataset is really small, especially the one labeled with keypoints. We
cannot create a relatively larger dataset for training, and we cannot make sure the distribution
of the data is fair and reasonable. Our dataset is definitely biased because we cannot include
all the possible postures and scenarios in our dataset either.

In summary, there are many operations could be made to improve our body tracking
methods which will be discussed in the Chapter 5 future work in details.

4.3.3 Respiratory Signal Extraction

We use the estimated centroid point distance from the body tracking framework to look
into the corresponding bin of the radar data. We extract and process the radar signal from
the estimated range bin and the radar signals from the range bins in its proximity. Linear
filter like moving average filter is applied to draw the signal extracted from radar data, as
illustrated in Figure 4.10. This work was done by another graduate students in the group.
Radar breathing signal estimation relies on accurate detection and locating of the person
which is done using algorithms presented in Section 3.1.4. We only show here the results of
breathing range estimation from the radar from the correctly determined range bin collected
while the subject was lying stationary.

However, even if we can estimate the right distance between the subject and the device
and then detect and extract the signal, we cannot be certain that the collected signal is exactly
the respiratory signal. Because we also need to qualify the signal weather is of satisfactory
quality so that the breathing rate can be extracted. For example, Figure 4.11 illustrates the
condition where the non-breath signal does not have the curve shape like the common respi-
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Figure 4.10: Breath-like signal extracted from radar data.

ratory signal. Besides, some of the signals have number of peaks that does not correspond
to the common respiratory signal. In addition, to perform detection of the desired signal, we
also need to propose some methods to classify signal as the respiratory signal or not which
will be discussed in the future work.

Figure 4.11: Non breath-like signal extracted from radar data.

The problem here is that we do not have the breathing belt data as the reference to com-
pare because we did not have the approval to collect respiratory signal of the subjects in
the hospital by wearing breathing belt. Besides we monitor the subjects in a continued time
such as 48 hours, and it is impossible to have the reference signal for such a long time. We
can only sample some part of the data and then analysis. As a result, one of the feasible
approaches here to judge if our system works or not is designing a classifier to classify the
breath-like signal and non breath-like data extracted from the radar, which will be briefly
introduced in the future work in next chapter.

4.4 Results of Face Detection

4.4.1 Face Detectors Comparison

We have introduced several face detectors in Section 2.2.4, and we select some of them to
compare under the condition of our use case where the person is wearing the mask, and the
facial landmarks and ROI needs to be detected. We compare four face detectors including
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MTCNN [47], S3FD [53], PyramidBox, and RetinaFace that we used in our method. The
result is illustrated as Figure 4.12.

Figure 4.12: Face detection results using different face detectors.

We find that compared to the other three face detectors, MTCNN performs worst in
our scenario because it cannot detect the face when the face is occluded with something
like mask. So MTCNN cannot be used in the case of people wearing mask even though
it is not complicated and is widely used by other researchers in many of the face detection
applications now.

Although both of the S3FD and Pyramid Box face detectors can detect the face with the
mask on as shown in Figure 4.12 (2,3), they are not our algorithms of choice because of
their performance. These two face detectors have problem working on the facial landmarks
detection while landmarks detection is needed significantly in our method.

4.4.2 Method Deployment

Our method, which applies RetinaFace detector, is deployed both on a local machine and an
embedded device Nvidia Jetson Board for testing.

In terms of embedded device, we applied the whole RetinaFace network framework on
the NVIDIA Jetson Tx2 board to do the experiment. Jetson TX2 is the fastest, most power-
efficient embedded AI computing device. This 7.5-watt supercomputer on a module brings
true AI computing at the edge. It is built around an NVIDIA Pascal™-family GPU and
loaded with 8GB of memory and 59.7GB/s of memory bandwidth. It features a variety of
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standard hardware interfaces that make it easy to integrate it into a wide range of products
and form factors [98]. NVIDIA Jetson Tx2 board’s graph processing unit has the 256-core
NVIDIA Pascal™ GPU architecture with 256 NVIDIA CUDA cores. The RetinaFace de-
tector takes average 5 seconds to load the whole network model. Besides it takes around 0.7
second to detect each frame, which means that the fps is more than 1. Due to the limited
computing power, the embedded device is still reluctant to run this face detector especially
in real time.

On the other side, RetinaFace detector has a better performance on local machine. We
applied the whole network on a machine with a NVIDIA GeForce RTX 2080 Ti GPU that
has total memory of 10.76 Gb. This graph processing unit has 7.5 computing capability and
is much powerful than the one in embedded device mentioned above. RetinaFace detector
takes average 0.025s to detect one frame and the running speed reaches around 40 fps which
is far better than the real time detection. In addition, the detection time will grow with the
increase of number of objects in the image. For example, when there is only one subject
in the image, the detector takes around 0.02s to detect one frame, sometimes even less than
0.02s.

4.4.3 Face Detection Result

We collected data according to the experiment plan set in the ethics application introduced in
Section 4.1.2. The subject is required to stand at different distances in front of our system, so
there are different sizes of the face for the same person in our experiment. Though the face
detector enables us to detect tiny faces, the moving range of the subject is limited because
small faces with very low resolution usually lack a lot details information both in RGB frame
and thermal frame. So the moving range of the subject in our experiment is limited to 0.4m
to 3m in the direction that is parallel to the view plane of the camera. All the face detection
results that we are going to display in this section is based on the RGB frames.

Figure 4.13 illustrates the performance of RetinaFace detecting multiple faces with the
mask on. The image is one sample of the data collected from the laboratory where one
subject is standing closer to the camera, while another one is a further away from the cam-
era. This experiment imitates the scenario that pedestrians entering the stores or some special
rooms. Before they get the access to the room, our system will perform the vital signs estima-
tion automatically so that the potential subjects with symptoms like high body temperature,
shortness of breath or difficulty breathing are identified. When the closest subject is standing
right before the system for 15 to 20 seconds, other people that are waiting in the line could
also be captured by the camera and their vital signs could be processed. Our approach has
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the capability of detecting multiple faces in one frame enabling the system to save time on
detecting vital signs like body temperature. In addition, the function of multi-face detection
provides the potential for detection in crowded and complicated scenes like classroom and
shopping mall.

Figure 4.13: Demonstration of the functionality of RetinaFace detector in cases where mul-
tiple faces are detected.

Figure 4.14 illustrates the performance of RetinaFace detecting faces with different sizes
caused by the different ranges between the subject and the camera. The subject in the first
one of the Figure 4.14 is 3.9 meters far away from our system. While in the seconds figure,
the subject is standing 1 meter from the camera. RetinaFace detector has the power to detect
really tiny faces, however, the tiny faces are useless in our use case as mentioned above. As
it is illustrated, the detected face at the distance of 3.9m only contains a small area of the
image, and the area of interested region like ROIforehead and ROInostril contain only several
pixels which is not enough to extract signals of satisfactory quality.

The classification scores showing probability of the detection of the human face tested
on all four subjects at different positions with or without mask reach 99.95% or even higher
using Retinaface detector. Besides, there are no difference between the subject wearing the
mask and the one without mask when we evaluate the face classification probabilities. In
addition, to evaluate the performance of facial landmarks detection which is the base of our
facial ROI detection, we use the normalised mean errors (NME) metric:

73



Figure 4.14: Demonstration of the functionality of RetinaFace detector in cases the subject
is far from (upper image) and close to (bottom image) the camera.
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NME =
1

N

N∑
i=1

√
∆x2i + ∆y2i

d
(4.1)

where N denotes the number of facial landmarks which is five in our situation and d denotes
the normalized distance. ∆x2i and ∆y2i are deviations between the ith predicted landmark
and the ground truth in x axis and y axis. We employ the face box size (

√
W ×H) as d in

the evaluation. We found that the NME is on average 1.5% when the subject is not wearing
the mask, while the NME reaches 2.4% when the subject is wearing the mask. As a result,
the face detector is qualified to detect the ROIs that we need in the extraction of vital signs
because of the low NME for facial landmarks detection.

4.5 Estimations of Vital Signs

The analysis of face detection by RetinaFace detector shows that tiny faces and faces oc-
cluded with masks can be detected by our approach. Besides, our method’s execution time
is short and therefore the method is suitable for realtime implementation in the future. We
are next going to analyze the result of vital signs estimation from the processed frames. We
mainly focus on the respiratory signal and heart rate. We acknowledge the contribution in
the signal processing work for estimating RR and HR of Shan He.

4.5.1 Respiratory Signal Estimation

Respiratory signal is estimated from processed thermal frames. Our face detection method
detects the face and related RoI where the signal is directly extracted. Although face and
RoI detection almost have no limitations in our scenario, the vital sign estimation is limited
by many factors like light source and distance. Several different positions were used to test
the limitations. The performance of the respiration rate estimation was also compared with
reference breathing belt data illustrated in Figure 4.15. Go Direct Respiration Belt uses a
force sensor and an adjustable nylon strap around the chest to measure respiration effort and
respiration rate [99].

For each of the subject we collect 8 different groups (4 distances * 2 mask/no mask) of
data including the RGB videos, thermal videos, baseline BR signal and baseline HR data.
The subject is required to stand at 4 different distances away from our system in each col-
lection from near to far, and each collection takes 2 to 3 minutes. In detail, the subjects face
the cameras directly at the distances of 1 m, 1.5 m, 2 m and 2.5 m. Besides, we collected
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Figure 4.15: Panel view of the Vernier Graphical Analysis™ software displaying one sample
of the subject’s breathing signal (upper image) measured with Go Direct® Respiration Belt.
The bottom image shows the respiration rate which updates every 10 seconds. The sample
window for the RR calculation is 30 seconds.

data when the subjects are not directly facing the camera but they are moved perpendicularly
from 0.9 m to 1.9 m depending on the distance. The moving range of the subject is limited by
the FoV of the thermal camera that we must assure the full face is in the picture. In addition,
the whole experiment has two sets of the different setups, where one requires the subject to
wear the mask, while another does not, so there are totally 8 experiments for each subject.
We call them the ”mask group” and ”no-mask group” in our experiments. With increasing
the distance between the camera and the subject, the face becomes smaller in the image and
so the interested region shrinks. However less pixels of the image makes it harder to extract
the related signal. Our method works without any problem in estimating the signal from the
distances that are less than 1 meter. What we want to explore is the potential whether our
system can estimate the respiratory signal at a longer distances.

Through the experiment, we found that ”mask group” can go further distance than the
”no-mask group” while keeping the same level of accuracy. The former one can detect the
respiratory signal when the subject is even at 3 meters from the camera. However, ”no-mask
group” performs badly when the distance between the subject and camera is over 1 meter.
Figure 4.16 shows the waveform of estimated BR signal and baseline BR signal of one sub-
ject not wearing the mask and standing at 1m distance away from the system. Similarly,
Figure 4.17 shows the waveform of both estimated and baseline BR signal of the same sub-
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ject wearing mask and standing at 2.5m distance away from our system. In both Figure 4.16
and Figure 4.17, the first row represents the waveforms of the signal extracted from the de-
tected nostril RoI in the thermal frames, and the second row shows the synchronous baseline
respiratory signal collected from breathing belt with the same timestamp. Besides, the red
marked waveform in the first column is zoomed in and displayed in the second column for
the inspection. It is obviously to see that the estimated BR signal with ”mask group” has
the more similar waveform compared to the synchronous baseline BR signal even at further
distance. All the signal waveforms were analyzed every 15 seconds with 50 percent over-
lapping. This work is done by another graduate students in the group where BR estimation
relies on accurate detection and tracking of the nostril RoI which is done using algorithms
presented in Section 3.2. We only show here the results of BR estimation from the thermal
frames. The average mean absolute error (MAE) of ”no-mask group” at 1 meter is less than
2 breath per minute (bpm) compared to the reference data from breathing belt.

Figure 4.16: BR signal without mask at 1m.

Another big factor that affects the performance of respiratory signal estimation is the
distance. With the distance between the subject and camera increasing, the mean absolute
error (MAE) between the estimated BR and reference BR increases from less than 1 bpm
to even more than 2 bpm. We also found that a smaller MAE of the BR and the RR result
estimated by our algorithm for both the ”mask group” and ”no-mask group” at no more than
1.5 meters. Under this condition, we can make sure a MAE around 1 bpm compared to
the breathing belt reference BR, which allows the system to be applied in real world RR
measurement. The MAE between the estimated RR and the reference RR for all subjects
at 4 different distances and under 2 different conditions is 1.55 ± 0.78 breaths per minute
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Figure 4.17: BR signal with mask at 2.5m.

Table 4.2: Mean and standard deviation of the absolute error between the estimated RR and
the reference RR (unit:bpm, bpm: breaths per minute)

Subject1 Subject2 Subject3 Subject4

MeRR SDeRR MeRR SDeRR MeRR SDeRR MeRR SDeRR

60cm 2.72 2.57 1.45 1.47 0.78 0.77 2.64 1.51
60cm mask 1.90 1.45 1.64 1.87 0.50 0.68 1.92 1.71
80cm 1.28 1.88 2.56 1.57 1.78 1.38 1.61 2.12
80cm mask 1.91 1.07 0.86 0.82 0.79 0.40 0.38 0.56
100cm 1.79 2.38 3.38 2.87 1.87 2.09 2.44 1.59
100cm mask 0.88 1.39 1.31 1.00 0.73 1.03 0.59 0.66
120cm 0.62 0.75 1.40 1.86 1.87 1.78 2.97 2.64
120cm mask 0.74 1.26 1.20 1.72 1.17 0.88 1.87 1.32
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as listed in Table 4.2. However, the waveform of the thermal frame extracted signal is not
perfectly matching the reference data, showing some delay at timeline and some noises. In
our future work, we will discuss the approach to filter out the noise of extracted signal and so
that we could have a better analysis of the respiratory signal from contactless measurement.

Besides, the feasibility of estimating multiple subjects’ respiration rates at the same time
using our proposed methods was verified. Two subjects with face masks were required to
stand in front of the cameras for two minutes at a distance of 80cm and 100cm respectively as
illustrated in Figure 4.18(a). The breathing belts were used to collect reference respiratory
waveform from the chests. An example of the extracted respiratory waveform using the
aforementioned methods were shown in Figure 4.18(b) where blue color and green color
describe the respiratory waveform from two subjects at the same time. The mean absolute
error (MAE) between the estimated respiration rate and the reference respiration rate for
Subject1 is 0.97 ± 0.714 bpm, and the MAE between the estimated respiration rate and the
reference respiration rate for Subject2 is 0.35± 0.293 bpm.

4.5.2 Heart Rate Estimation

Different form extracting pixel value variation from the thermal frames, heart rate estimation
is based on the subtle color changes of the face and thus has a higher requirements on the
RoI selection. One of the most significant factors that affect the HR estimation is the image
resolution. We compared 640× 480 resolution RGB frames and 1080× 720 resolution RGB
frames, and found that the higher image resolution allow for more accurate estimation of HR
than the lower one compared to the reference HR. The MAE between the estimated HR using
our proposed method and the reference HR from PPG sensors for all subjects at different
distances is 4.24 ± 2.47 beats per minute. For application scenarios like detecting the vital
signs of an emergency situation, HR measurement with error less than 5 bpm is likely to be
acceptable [78].

As illustrated in Figure 4.19, we assess our HR estimation methods by comparing the
ICA signal extracted from detected RoI of the subject’s face and the PPG baseline signal
collected at the same time. Besides, we calculate the HR value from both the signals by peak
finding algorithms described in Section 3.2.4. Our methods have an average 4.24±2.47 beats
per minute (bpm) of the MAE compared to the baseline HR when the subject is at less than
1 meter far away from the camera. When the person is wearing the mask and at the same
distance as before, the accuracy goes a bit down and the MAE is around 5 bpm compared to
the baseline data because the occluded face causes the less area for the signal extraction as
listed in Table 4.3. Compared to previous work [81], we improve the distance between the
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Figure 4.18: Two subjects are standing in front of the thermal camera during the measure-
ment of RR, the two faces and the respective ROInostril are detected by our method at the
same time.(a) Extracted respiration waveform from thermal video and simultaneous refer-
ence respiration waveform (Subject1, blue: extracted waveform, red: reference waveform.
(b) Extracted respiration waveform from thermal video and simultaneous reference respira-
tion waveform (Subject2, blue: extracted waveform, red: reference waveform)
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Figure 4.19: (a) Pulse signal extracted from video using ICA (b) Denoised pulse-like signal
(resampled to 100Hz) and simultaneous reference PPG signal, blue: video pulse signal; red:
reference PPG.
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Table 4.3: Mean and standard deviation of the absolute error between the estimated HR and
the reference HR (unit:bpm, bpm: beats per minute)

Subject1 Subject2 Subject3 Subject4

MeHR SDeHR MeHR SDeHR MeHR SDeHR MeHR SDeHR

60cm 3.05 1.76 1.17 0.68 1.39 0.45 0.50 0.43
60cm mask 5.15 4.33 4.15 2.15 3.82 4.02 8.70 5.90
80cm 5.34 4.42 3.06 1.21 2.46 3.36 0.89 1.00
80cm mask 5.13 4.30 5.73 2.34 3.56 2.56 10.37 5.78
100cm 2.92 2.99 4.91 3.18 1.98 1.97 1.02 1.19
100cm mask 5.47 5.61 2.88 2.54 4.05 3.71 4.62 3.19
120cm 4.42 4.17 4.11 2.25 3.79 3.02 9.13 4.92
120cm mask 4.60 5.44 2.80 1.70 4.91 3.61 9.66 6.88

device and the subject from 35cm up to 120cm and keep the error under 5 bpm as well for
the near distance. Our methods also address the challenge where the subject is wearing the
mask. However, the camera resolution and illumination have the impact on the estimation of
HR from videos which will be also discussed in next chapter.
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Chapter 5

Final Remarks

5.1 Conclusion

Through the research of both the depth camera based system and thermal camera based
system, we explore the CNN based object detection algorithms. Our overall camera-based
systems show the possibility of contactless and remote monitoring of vital signs with accept-
able accuracy. In terms of depth camera based system, we modify the CNN based object
detection algorithm Mask R-CNN to adapt to our special depth images. Transfer learning is
applied here for the training of our body tracking model based on our own dataset. The well-
trained model shows the ability to detect the location of the person lying in bed. In addition,
our signal processing algorithms prove the accurate estimation of the subject’s respiratory
signal based on the position detected by our object detection model. Similarly, we also uti-
lize another CNN based object detection framework in the scenario of contactless vital signs
estimation. Our thermal camera based system applies the CNN based RetinaFace detector
to detect the RoI of subjects’ faces. Our approach shows the possibility to be applied in
real world applications today especially following the requirements of Covid-19 pandemic
policies.

Our manually annotated dataset carries depth images with labeled class and annotated
mask of the people’s upper body. As much as our dataset helps the model to learn the mask
distributions, it carries noisy annotations as our comparisons show, but increasing size of
such noisy data can compensate for its noise as shown by our results. Though Mask R-CNN
framework allows for the small size of dataset due to the transfer learning like our first mask-
oriented dataset, our dataset composed of four-keypoints annotation is not applicable to train
a robust model and needs more data.

With increasing concerns on privacy protection and mass hysteria of public in making
sensitive data available for research, the creation of dataset containing personal information
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needs more examination. Our data are collected according to the ethics approval and com-
pletely meets the requirements of both the school laboratory and cooperated hospital and
retirement home. In order to protect the privacy of subjects from the hospital and retirement
home, we only use depth camera and radar device to collect their health data without collect-
ing any identity information including RGB face images of the subjects. Similarly, the data
collected in the laboratory also satisfies the related requirements, and we keep the whole data
in the encrypted drives.

Our experiments show the feasibility of our approaches to address the challenges and
problems in human vital signs remote monitoring. The experiments prove the ability of
our methods in detecting people’s occluded body in the depth images and occluded faces
in the RGB frames. Besides, within the combination of radar sensor and thermal camera,
additional information such as respiratory signal and body temperature are extracted. In
addition by comparing with the standard reference data collected from the wearable devices
at the same time, our contactless vital signs estimation approaches have respectable results
under the limited conditions and provide us with the potential to be applied in real world
vital signs monitoring.

5.2 Summary of Contributions

We designed a system composed of depth camera and radar device to collect data from pa-
tients at a hospital. We used annotation tools to create a dataset that contains manually
labeled depth images with part of the human body mask and some keypoints. For our objec-
tive of extracting vital signs of the subject, we utilized a state-of-the-art (SOTA) CNN based
model with pre-trained weights. We fine-tuned the model with transfer learning for our task
of object detection and RoI detection. We also compared different CNN based object detec-
tion frameworks that are designed to detect faces in different scenes. Our minor contribution
also includes the integration of the SOTA CNN face detector to our contactless vital signs
estimation methods offering accurate RoI detection for the accurate estimation of subject’s
vital signs. We improved the existing contactless vitals signs monitoring methods by allow-
ing the subjects to wear the mask during the detection and multiple subjects to be detected
at the same time if they are in the field of view. We also enhances the operation range in
the remote detection of respiratory signal compared to the existed methods by applying the
SOTA face detector.
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5.3 Boundaries and Limitations

Our system and methods still have many boundaries and limitations according to the goals
discussed in the Section 1.2, even though we have addressed some of the challenges and
resolved the existed problems by the contribution we make in this thesis. We are going
to discuss these limitations in this section and also the future work based on the current
boundaries in the next section.

One of the biggest limitations of our methods is the dataset. Since we created all of the
dataset by ourselves, the scope and extent of our dataset is small compared to other public
datasets. The previously designed experiments of both the depth camera based research and
thermal camera based research have limitations regarding the amount of data that we could
collect. Not only each experiment done in the university laboratory but also every collection
made in the hospital have limitations in the duration time, the number of the subjects an so
on. Additionally, we were not able to recruit more volunteers for the experiment because of
the Covid-19 pandemic policies. So the set cannot contain all of the possible scenarios in our
database. The people’s postures and locations in the depth images have certain pattern which
means that our dataset is basically biased. Similarly, the collected baseline respiratory signal
and heart rate only include limited amounts of possible samples in the real world without any
unhealthy subjects. Another reason that limits the scale of our dataset is due to the annotation
work. We have a small dataset composed of less than 2,000 depth images that needs weeks of
annotation work. This is also a very common issue in many of the medical image researches.
However, the current deep learning models like CNN based frameworks require as much
as possible data for the training process of supervised learning. Therefore, the lack of well
labeled datasets exists almost in every field of the related research. Because our problem
is different from the standard task of object detection, we have specific subjects needed to
be detected in our task. In addition, sometimes the source image data have different format
compared to the normal RGB format, like the depth images and thermal images.

Another big limitation is the experiment device, and especially the cameras used in the
experiment which have several limitations. The image quality of our collected depth data
is influenced by many factors like environmental noises and the way we store the data. For
example, the florescent light in the hospital ward interfere with the infrared reception of
the depth camera thus generating black dots as shown in Figure 3.3. Besides, some special
material and fabrics of the clothes still absorb the infrared radiation and make noises on
the depth data as discussed in Section 4.3.2. In addition, we have trouble in capturing the
subjects in the depth image at a good angle because the installation of our system has been
limited to specific places around the patient’s bed so that the devices do not disturb the patient
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and do not cause potential fall of the patient if they are on his/her way. The device cannot be
installed above the head of the bed where patients are resting so that the view of our depth
images are narrow and a little leaned. The lossy compression method we used to compress
the depth frames also decreases the image quality when we store the collected the data into
the local drive. In terms of the thermal camera, the illumination is still one of the factor that
has impact on the image quality of the collected data. Besides, the frames per second (fps)
of the thermal camera in our system varies with the time, and the dropped frame rate of the
camera causes the missing frames when we synchronise the RGB video and thermal video.
For now, we drop the few frames where the frame rate is much lower than the threshold of
25 frames and interpolate the median value into the processed RR signal and HR signal.

5.4 Future Works

We have already discussed the boundaries and limitations of our system and methods pro-
posed in this thesis in the last section, and so that we can make some modifications and
improvements to enhance the performance of our approaches in terms of both the hardware
and the software in the future.

In order to collect more data using our system each time, the storage space of the mini-
computer needs to be increased. And with the high-volume of the storage, we could also
modify the restoring methods of the image data to lossless strategy so that the quality of the
images remains unchanged. Meanwhile, the big storage would also allow us to increase the
fps of the camera so that we could collect depth images at over 30 fps. Besides, using this
kind of depth videos, the respiratory signals can be even directly extracted from the frames
once the subject is still and the chest region is detected like the methods introduced in [100].

In terms of dataset, we can also make some adjustments and improvement based on the
current version. First of all, the scales of dataset needs a big increment. We can take some
time to label more depth images not only with the mask annotation but also the keypoints
annotation in the future. Our present dataset is insufficient due to our time limitation in
creating the dataset. Secondly, the contents of the dataset need a screening. We should make
our dataset as little biased as possible which means that the collected data from the subjects
both at the hospital and the laboratory need to be categorized and selected. The dataset
should contain different human postures at different locations.

With the availability of resources, we were limited to to train our models on 11GBs of
GPU memory with which we could safely experiment with a model of size of over 20 GBs
or even more. In future, by utilizing more resources, pre-trained models of the similar archi-
tecture with a higher number of parameters can be trained in these settings after appropriate
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modifications.
We observed the validation loss increases when the Mask R-CNN model is trained for de-

tecting the four-keypoints of the people’s upper body in the depth images. This phenomenon
is the reflection of overfitting during the training, and it might be caused by many reasons.
One of them is the scale of training dataset and validation dataset is too small. In addition to
increase the the size of the dataset, we can also use transfer learning to train based on other
related datasets. For example, COCO has keypoints dataset for the human pose detection,
however, each person is labeled with 17 keypoints of the whole body. We can modify it
by keeping only four of the keypoints to first obtain a network model, and then apply this
pre-trained weights to our depth images keypoints detection.

Finally, our thermal camera based system can be applied in real-time in the near future.
Our methods are proven to be fast enough to run in real-time like which is discussed in
Section 4.4.2. The further work here is about the hardware selection. We should consider
both the computing performance and the cost when we attempt to integrate our algorithms to
the hardware and make our system used in the real world applications. Once the algorithms
for face detection together with RoI detection are executed fast enough to support the frame
rate of more than 25 fps, the overall vital signs estimation methods could run in real-time
and the estimated results could be also shown immediately. There are also some works about
software optimization could be done in the future.
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Appendix A

Ethic Approvals

A.1 Depth Camera Research
This section lists the ethics approvals of depth camera based research.
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Figure A.1: Ethics Approval of depth camera research
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A.2 Thermal Camera Research
This section lists the ethics approvals of thermal camera based research.
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Figure A.2: Ethics Approval of thermal camera research
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Appendix B

Dataset Format
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Figure B.1: JSON file example of people’s mask dataset.

Figure B.2: JSON file example of people’s keypoint dataset.
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