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Abstract

Human stride analysis is a viable tool for identifying mobility changes, classifying
abnormal gait, estimating fall risk, monitoring progression of rehabilitation programs, and
indicating progression of nervous system related disorders. Marker based motion analysis
systems are accurate for stride analysis but are not feasible for monitoring larger populations
since external markers or sensors must be attached on the body. These external markers or
sensors may be awkward for the person and may affect their natural movements. Marker-less
depth sensors have shown potential to capture human movement without external markers and,
with automation, could be applied to larger populations with less human resource requirements.
However, existing marker-less depth sensor research has reported poor foot tracking accuracy.
Hence, the goal of this thesis was to determine an appropriate depth sensor, define a multiple
depth sensor system for foot tracking that could work in an institutional hallway (Smart
Hallway), develop a viable foot tracking algorithm with depth sensors data, and extract accurate

stride parameters.

Six non-interfering Intel RealSense D415 were set up in an institutional hallway scenario and
captured the lower leg of a walking person. The developed foot tracking algorithm was applied
to the combined point cloud data from these sensors and the obtained stride parameters were

compared with a reference gold standard Vicon system.

Results showed that this high frame-rate marker-less system (approximately 60fps) was in good
agreement with the Vicon system for temporal stride parameters, with mean errors less than
10ms. For spatial related stride parameters, errors were observed for step width and foot angle
due to random noise generated around the foot in the depth sensors data. This research supported
the depth camera approach for stride timing analysis. Further research is required to improve

noise reduction for better step width and foot angle measurement.
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1 Introduction

Human motion capture is widely used in healthcare, robotics, entertainment, and education.
In healthcare, gait analysis achieved with motion capturing enables quantitative patient
evaluation and mobility risk documentation. Human stride analysis is a viable tool for identifying
mobility changes; classifying abnormal gait; estimating fall risk; monitoring progression of
Parkinson’s disease [1], dementia [2], autism disorders [3], multiple-sclerosis (MS) disorders [4],
and rehabilitation [5]. As technology advanced, motion capturing techniques evolved to track

human joints accurately, and the latest trends move towards marker-less motion capture.

Marker-less systems can capture a person’s natural gait efficiently, with no external sensors
attached to their bodies. Depth sensing cameras with real-time human skeleton tracking opened a
new dimension in marker-less approaches for healthcare applications. These low-cost depth
sensor based methods can measure person’s body position over time. However, limitations and
gaps exist in marker-less motion capturing technologies to achieve an appropriate clinical level

of accuracy, especially in foot tracking.

The goal of this thesis is to develop and evaluate a marker-less motion capture system with depth
sensors that is optimized for use in institutional hallways, and to evaluate the system for foot
tracking in human stride analysis (Figure 1.1). Patients, staff, and visitors constantly move
through hospitals, long-term care facilities, and rehabilitation center hallways. This research
focuses on hallways since these spaces could be smartly utilized for marker-less stride analysis to

monitor patients or resident mobility progression without intrusion.

(b)

Figure 1.1 Foot tracking results of an instance from different perspectives, (a) front, (b) back, (c) left,
(d) right

Human Stride Analysis Using Marker-less 3D Depth Sensors 1



Chapter 1 Introduction

1.1 Rationale

Marker-less motion capture for walking stride analysis typically use color cameras or depth
sensors. Color cameras capture two-dimensional (2D) color images and depth sensors capture

both 2D color images and three-dimensional (3D) information of a scene (i.e., point cloud).

Computer vision and artificial intelligence (Al) can be applied to 2D images to define key-points
that represent the person’s body. Images from different perspectives can be used to construct 3D
information from 2D key-points. These systems are currently in the R&D phase and require
substantial hardware and computational costs. Al based systems may need a specific image
training set for optimal hallway measurements, which is challenging due to time and effort to
label ground-truth key-points on the images. Also, poor lighting, shadows, or objects in the

hallway could affect the results.

Depth sensors are a relatively low-cost and deliver 3D information in real-time. Infra-red based
sensors can work in low lightening hallway conditions, are not affected by shadows, and are
available commercially; therefore, this approach could be ideal for the hallway application. For
example, the popular Kinect depth sensors can provide marker-less human motion capturing at
30 frames per second (fps) (captures data every 33.33ms). However, this sample rate may not be
sufficient to appropriately identify stride parameter events for pathological gait [6] (i.e., foot off
can occur between data samples), and significant errors were reported in the literature for some
spatial stride parameters. Machine learning based skeleton tracking algorithms developed for
Kinect depth sensors showed poor performance in foot tracking, with joint locations sometimes
falling out of the body shape and results highly dependent on the viewing angle of sensors.
Simultaneous data capture with multiple depth sensors would be required to avoid occlusions in
the narrow hallway spaces, but these structured light and time-of-flight based depth sensors

interfere with each other when used together.

The latest depth sensors with promising specifications of high resolution, speeds at or above
60fps, and long-range capabilities could improve foot tracking accuracy over other depth
sensors. Whole foot surfaces obtained with high resolution (i.e., more 3D points on the surface)
could enable accurate 3D foot identification. When combined with 60fps or faster data capture
rates, gait events can be accurately identified and used to calculate clinically useful stride
parameter outcomes.

Human Stride Analysis Using Marker-less 3D Depth Sensors 2



Chapter 1 Introduction

1.2 Objectives

This thesis developed and validated a novel marker-less foot tracking system using 3D

depth sensors. The objectives were:
1. Select an appropriate depth sensor for motion capturing in an institutional hallway.

2. Design the physical setup with multiple depth sensors in a hallway scenario and

synchronize all the depth sensors.
3. Develop an algorithm to track human foot in the 3D point cloud data.

4. Validate the foot tracking algorithm by calculating and comparing the stride parameters

with the gold standard Vicon system.
1.3 Thesis Contributions

This thesis resulted in many contributions related to depth sensor based marker-less motion

capture. These contributions include:

» Characterization and comparison of current state-of-the-art depth sensors from
time-of-flight, structured light and stereoscopic technologies.

» Development of a viable hallway-based setup with depth sensors for 3D point
cloud data collection of human gait.

» Development of a foot tracking and stride parameters extraction algorithm from the
walking human point cloud data.

* Quantitative evaluation of stride parameter performance compared to the gold

standard Vicon system.
1.4 Thesis Outline

This thesis is divided into six chapters and one appendix. Chapter 2 is a literature review
that discusses human motion capturing technologies, contact-based and non-contact-based
technologies used for gait analysis, depth sensor evolution, and limitations in marker-less foot

tracking techniques.

Human Stride Analysis Using Marker-less 3D Depth Sensors 3



Chapter 1 Introduction

Chapter 3 compares three different depth-sensing technologies: Microsoft Kinect V2 sensor with
time-of-flight technology, Orbbec Astra pro sensor with structured light, and stereoscopic based

Intel RealSense D415 sensors. The contents of this chapter were published in [7].

Chapter 4 discusses the novel 3D animation-based simulations developed to quantify the
visibility of human foot surface while walking through an institutional hallway. This research
details were published in [8].

Chapter 5 presents a novel foot tracking algorithm, data collection protocol, data comparison

analysis between marker-less system and a Vicon system.
Chapter 6 presents the thesis summary, thesis conclusions, and suggestions for future work.

Appendix shows the University of Ottawa Ethics approval certificate.

Human Stride Analysis Using Marker-less 3D Depth Sensors 4



2 Literature Review

Gait analysis is the study of human movement and can be used to measure changes in
mobility, progression of neurological disorders (Parkinson’s, dementia, autism, MS diseases),
ageing related issues, and rehabilitation. Monitoring gait over the time can provide early disease

identification, enabling health staff to provide required treatments.

Gait analysis techniques can be classified as semi-subjective and objective [9]. In the semi-
subjective method, the quality of a person’s gait is observed by a specialist then sometimes
followed by a patient survey to provide a subjective evaluation about their gait. Because of the
subjectivity, this method affects long-term monitoring accuracy, and can negatively affect

diagnosis. The most common semi-subjective techniques performed in clinical environments are:

1. Timed 25-Foot Walk (T25-FW): A specialist measures the time for 7.5 meters straight
line walk [10].
2. Multiple Sclerosis Walking Scale (MSWS-12): 12 parameters describe the impact of
MS on patient’s gait [11].
3. Tinetti Performance-Oriented Mobility Assessment (POMA): Evaluates elderly
person’s balance and gait disorders by observing a series of maneuvers [12].
4. Timed Get up and Go (TUG): Balance measurement timed test in which the patient
stands up from the chair, walks 3m forward, turns around, walks back, and sits down on
the chair [13].
5. Gait Abnormality Rating Scale (GARS): Video-based analysis of 16 gait characteristics
(5 general, 4 lower limbs, 7 related to head, upper limbs, and trunk) to study fall risk [14].
6. Extra-Laboratory Gait Assessment Method (ELGAM): Evaluates unstable gait by
studying step length, speed, initial gait style, ability to turn the head while walking, and
static balance [15].
In the objective analysis category, advanced sensors, devices, and technologies are used to
measure human motion. Some objective techniques can provide more information on a patient’s
gait. Objective measurements can be more accurate and reliable than semi-subjective methods.
Human motion capture systems for objective gait analysis can be broadly classified as physical
contact-based systems (PCS) and physical contact-less systems (PCLS). In PCS, either sensors or

Human Stride Analysis Using Marker-less 3D Depth Sensors 5



Chapter 2 Literature Review

markers are physically attached to users or users must touch the sensors or markers for gait
measurement. In PCLS, the user does not have to wear sensors, markers, and is not required to
touch or be touched for data collection. With sensors or markers affixed to the body, PCS has the
advantage of delivering highly accurate results. PCLS has the benefit of easier and more time-

efficient movement measurement.
2.1 Stride Parameters

In quantitative gait analysis, stride parameters are outcome measures related to step
timing and step distances. These parameters are useful for describing how a person walks and can
be related to other issues such as fall risk [16], balance confidence [17], and mental capacity [18].
Stride parameters are related to gait cycle, the time interval or series of motions between two
consecutive initial contacts of same foot [19]. Figure 2.1 shows different events, periods, tasks,
and phases in a right leg’s gait cycle. A gait cycle is divided into two phases. Stance phase is
from the initial contact event (foot strike) of a leg to its immediate toe off event (foot off). From
foot off event to the same leg’s immediate foot strike event is known as swing phase. Foot strike

and foot off events are crucial in calculating the stride parameters.
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Figure 2.1 Overview of a gait cycle (modified from [19])

Based on the events in the gait cycle, many useful stride parameters can be calculated. Table 2-1

shows the major stride parameters used for clinical applications [9].
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Table 2-1 Stride parameters used in clinical applications

Description

Distance covered by the foot between two consecutive foot strike events
(same leg) along the sagittal plane (line of progression)

Stride time Time between two consecutive foot strike events (same leg)

Stride speed Stride length divided by stride time

Step length Sagittal distance between right and left heels at foot strike

Step width Frontal distance between right and left heels at foot strike

Step time Time between foot strike event to opposite leg foot strike

Cadence Steps per minute

Stance time Stance phase time

Swing time Swing phase time

Foot angle Angle of foot midline with sagittal plane when the foot is entirely in

contact with the floor (mid-stance period).

Double support time Time between foot strike and contralateral foot off

2.2 Physical Contact-based Systems (PCS)

Physical Contact-based Systems (PCS) include optical motion capture technology using
cameras and markers [20], [21]; inertial motion capture technology using accelerometers,
magnetometers and gyroscopes [22], [23]; magnetic motion capture technology using
electromagnetic transmitter and receivers [24]; electromechanical motion capture technology
using exoskeleton, gyroscopes, and potentiometers [25]; and acoustic motion capture technology
using ultrasonic sensors [26] (Figure 2.2). For wearable based systems, the person wears active or
passive markers or sensors on the body. Some sensors may cause discomfort or change the
natural way a person moves [27]. Newer PCS technologies include textile-based transducers
incorporated into socks to detect critical gait events during stance phase [28]; non-wearable
GAITRIite [29] that uses a pressure sensor carpet to measure stride parameters and plantar
pressures; and shoe insoles embedded with an array of pressure sensors [30].
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(9)

Figure 2.2 (a) Markers for Vicon system (optical motion capture) [20], (b) Electro-mechanical motion
capture system [25], (c) Inertial motion capture technology [23], (d) Ultrasonic acoustic technology [26],
(e) Instrumented sock [28], (f) GAITRIite carpet [29], (g) Instrumented insoles [30].
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Each of these PCS methods has advantages and disadvantages. For example, optical based
systems such as Vicon and Optitrack delivers gold standard accurate outputs, but for large
sample populations gait parameters measurement requires substantial resources such as data
analysis time and technical assistants to prepare the person. User preparation effort is required
for all wearable technologies. With the GAITRite’s non-wearable technology, a limitation is that

body kinematics cannot be measured (i.e., limb movement, foot clearance, etc.).

In the literature, Vicon is considered a gold standard for tracking human motion. In this optical
technology, reflective passive markers are attached to the human body and these markers are
tracked with multiple high-speed cameras from different angles, resulting in 3D coordinates. The
Vicon motion capturing system needs an expensive, sophisticated hardware setup and dedicated
lab space, which often remains unused when data collection sessions are not in progress. These

factors introduce challenges for establishing a motion capture lab in healthcare clinics [31].
2.3 Physical Contact-less Systems (PCLS)

Human motion capture based on RGB cameras and depth cameras are popularly known as
marker-less systems since they do not require markers or sensors affixed on the person’s body.

Hence, they are a more flexible approach for capturing natural human motion.

Depth cameras, unlike traditional cameras, directly capture 3D information in real-time. This
reduces the quantity of required hardware and computation power for calculating 3D information
of a captured scene. With these advantages over regular RGB cameras with Al or
photogrammetry processing, depth sensors are further investigated in this thesis for performing

stride analysis.
2.4 Depth Sensors

Time-of-flight, structured light, and stereo-vision are three viable depth sensing
technologies [32]. This section describes the chronological evolution and product details about
common depth sensors used in movement analysis research and other applications. Depth sensor
technologies have been used in different domains; such as, entertainment, health, robotics, and

education.
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2.4.1  Microsoft Kinect Xbox 360 [33], [34]

Sensor Type: Infra-red

Depth Technology: Structured Light
Range: 0.4m —4.5m

Color Image: 640 x 480 at 30fps
Depth Image: 320 x 240 at 30fps
Depth FOV: 57° x 43°

Dimensions: 280mm x 64mm x 38mm
Connectivity: USB 2.0
Environment: Indoors

Release Year: 2010

© Public Domain

2.4.2  Asus Xtion Pro Live [35]

Sensor Type: Infra-red
Depth Technology: Structured Light
Range: 0.8m —3.5m
Color Image: 1280 x 1024
Depth Image: 640 x 480 at 30fps
: 320 x 240 at 60fps
Depth FOV: 58° x 45°
Dimensions: 457mm x 90mm x 127mm © 2015 Plazathemes.com
Connectivity: USB 2.0
Environment: Indoors
Release Year: 2011

2.4.3  Microsoft Kinect for Xbox One [34], [36]

Sensor Type: Infra-red

Depth Technology: Time-of-flight
Range: 0.4m — 4.5m

Color Image: 1920 x 1080 at 30fps
Depth Image: 512 x 424 at 30fps
Depth FOV: 70° x 60°

Dimensions: 250mm x 66mm x 67mm
Connectivity: USB 3.0
Environment: Indoors . .
Release Year: 2013 © Public Domain
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2.4.4  Intel RealSense F200 [37], [38]

Sensor Type: Infra-red

Depth Technology: Coded Light

Range: 0.2m — 1.2m

Color Image: 1920 x 1080

Depth Image: 640 x 480 at 30fps

Depth FOV: 73° x 59°

Dimensions: 110mm x 12.5mm x 3.75mm
Connectivity: USB 3.0

Environment: Indoors

Release Year: 2014

2.45 Intel RealSense R200 [39]

Sensor Type: Infra-red

Depth Technology: Active Stereo
Range: 0.2m —3.5m

Color Image: 1920 x 1080 at 30fps
Depth Image: 480 x 360 at 60fps

Depth FOV: 59° x 46°

Dimensions: 101.6mm x 9.6mm x 3.8mm
Connectivity: USB 3.0

Environment: Indoors/Outdoors
Release Year: 2015

2.4.6  ZED Stereo Camera [40]

Sensor Type: RGB

Depth Technology: Stereo

Range: 1.5m — 20m

Color and Depth Image: 4416 x 1241 at 15fps
: 3840 x 1080 at 30fps
: 2560 x 720 at 60fps
: 1344 x 376 at 120fps

Depth FOV: 90° x 60°

Dimensions: 175mm x 30mm x 33mm

Connectivity: USB 3.0

Environment: Indoors/Outdoors

Release Year: 2015

Literature Review

. CREATIVE

© Intel Corporation

© Intel Corporation

»)

© 2020 Stereolabs Inc.
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2.4.7  Orbbec Astra Pro [41]

Sensor Type: Infra-red

Depth Technology: Structured Light
Range: 0.6m —8m

Color Image: 1280 x 720 at 30fps
Depth Image: 640 x 480 at 30fps
Depth FOV: 60° x 49.5°

Dimensions: 165mm x 30mm x 40mm
Connectivity: USB 2.0
Environment: Indoors

Release Year: 2015 © 2019 Orbbec 3D

2.4.8  Orbbec Presee [42]

Sensor Type: Infra-red

Depth Technology: Structured Light
Range: 0.6m — 8m

Color Image: 1280 x 720 at 30fps
Depth Image: 640 x 480 at 30fps
Depth FOV: 60° x 49°

Dimensions: 172mm x 63mm x 56mm
Connectivity: USB 2.0

Environment: Indoors
Release Year: 2016 © 2019 Orbbec 3D

2.4.9 Intel RealSense SR300 [43]

Sensor Type: Infra-red
Depth Technology: Coded Light
Range: 0.3m —2m
Color Image: 1920 x 1080 at 30fps
: 1280 x 720 at 60fps
: many other configurations
Depth Image: 640 x 480 at 60fps
Depth FOV: 73° x 59°
Dimensions: 110mm x 12.5mm x 3.75mm
Connectivity: USB 3.0
Environment: Indoors
Release Year: 2016

© Intel Corporation
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2.4.10 Intel RealSense D415 [44]

Sensor Type: Infra-red
Depth Technology: Active Stereo
Range: 0.3m —10m
Color Image:1280 x 720 at 30fps

: 848 x 480 at 60fps

: many other configurations
o Depth Image:1280 x 720 at 30fps

- 848 x 480 at 60fps

: many others up to 90fps
Depth FOV: 65° x 40°
Dimensions: 99mm x 20mm x 23mm
Connectivity: USB 3.0
Environment: Indoors/Outdoors
Release Year: 2018

© Intel Corporation

In addition to the above-mentioned depth sensors, depth sensors are also available from
Duo3d [45], e-con systems (Tara depth sensor) [46], Occipital [47], and newer depth sensors
from Microsoft [48], Intel [49], Orbbec [50]. These depth sensors can have smaller physical
dimensions and power, data transfer over USB, high resolution, and higher frame rates. Any one

sensor is not suitable for all applications, thus no universal solution exists at this time.
2.5 Stride Analysis using Depth Sensors

Most of the research on depth sensors for human movement analysis involved Microsoft
Kinect, because of the potential to track user joints with ease. However, little research on stride
analysis using other depth sensors have been published, other than Asus Xtion Pro Live [51].
Therefore, the following review of depth camera systems that track lower body motion (i.e.,

knees, ankles, foot, and stride) is predominately on Kinect sensors.

Other depth sensors have been investigated for measuring geometric foot dimensions and foot
arch curves [52], gesture recognition [53], home physiotherapy rehabilitation assistance [54],
emotion detection systems [55], virtual-reality based physical rehabilitation games [56], upper
body rehabilitation systems [55], and visually impaired people assistance systems [57], [58].

2.5.1  Abnormal Gait Classification
Kinect Xbox 360 (Kinect V1) skeleton tracking data has been validated to detect abnormal

gait patterns, which subsequently helped identify fall detection, nervous system related autism
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disorders, multiple sclerosis, and Parkinson’s disease. The Kinect V1 machine learning algorithm

tracked 18 skeleton joints per person (maximum of two people tracked simultaneously).

In one study, five walking styles (normal, normal with smaller steps, waddling, left foot pain,
right foot pain) were used to identify abnormal gait patterns [59]. Hip progression line, footsteps,
and knee rotations were also considered to identify abnormalities using a Support Vector
Machine (SVM) classifier. 88 percent accuracy was achieved in gait classification. People with
Parkinson’s disease have also been classified with greater than 90 percent accuracy [60], based
on normalized stride length (with respect to leg length). Tip-toe walking classification from
normal walking was developed to identify autism disorders [61]. In this research, hip, knee, and
toe angles were outputs of a Central Pattern Generator (CPG), and its CPG’s parameters were
estimated (best achieved with two oscillators). These CPG parameters were provided to a
classifier to identify tip-toe walking. K-Nearest Neighbors (KNN), SVM classifier, Multi-layered
perceptron (MLP), and Random Forest (RF) classifiers were implemented and compared. MLP
outperformed the other classifiers in both without joint coupling (joints were independent,

accuracy = 75.07%) and with joint coupling (joints were dependent, accuracy = 79.7 %).

An attempt to classify brain concussions based on abnormal gait patterns was made with athletes
having a potential risk of concussion [62]. This study did not yield acceptable results because of
a lack of non-normal gait data. Real-time fall detection of people with multiple sclerosis at their

home was investigated but failed due to a limited monitoring area with a single sensor [63].

Spatiotemporal (stride time, length, velocity) and kinematic variables (hip and knee flexion) of
257 healthy individuals with wide age range of 10-80 years were studied to identify age related
gait differences with Kinect V2 skeleton data. Kinect V2 can track 25 skeleton joints per person
(maximum of six people tracked simultaneously). Results had a similar trend as laboratory grade
systems but limited capture range affected the user’s ability to reach their comfortable normal
walking speed [64] and depth occlusion while walking caused errors in finding foot locations and

step length [65]. These problems could be addressed by using multiple sensors.

Algorithms based on Kinect skeleton tracking data delivered reasonable results in abnormal gait
classification, and the limitations in capturing a large volume area were solved by using multiple
sensors simultaneously. In a study with four Kinect V1 sensors, accuracy for properly identifying
two peoples as they transitioned between pairs of cameras was 90.61% [66].
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2.5.2  Stride Parameters

Methods for extracting stride parameters from Kinect data, with comparison to ground truth
systems, are summarized in Table 2-2. Kinect V1 skeleton data had poor foot landmark detection
during toe-off. Additionally, skeleton joints were only detected when a person faced the sensor.
Skeleton tracking algorithm sampling rate irregularities and inability to provide foot key points
(e.g., metatarsophalangeal and calcaneus) contributed to errors in for gait event detection [67].
Detection of valid motion periods and postprocessing limb orientation data using 5th order

polynomial fitting (Savitzky-Golay) improved tracking accuracy [68].

Only two studies used the Kinect 3D point cloud [69] [70]. Both studies calculated stride
parameters with the camera in front of the person and then perpendicular to the walking path. In
[69], the perpendicular camera placement achieved better results than having the camera in front.
Contrarily, in [70] the front position achieved better results. In both studies, point cloud 3D
points were more accurate when the person was closer to the sensor, irrespective of walking
direction. Since mean errors were greater than gait variability minimum detectable change

(MDC) [71], system accuracy must improve further before being acceptable in clinical practice.

The Kinect V2 sensor has higher depth resolution, wider field of view (FOV), and improved
skeleton tracking (tracks 25 joints), but the capture frequency remains at 30fps. Temporal gait
parameter accuracy is highly dependent on the frame rate. For example, for a person walking at
0.67 m/s, considered a slow walking speed [72], the time between pre-swing phase and the initial
swing phase would be 0.1s, in which foot-off occurs (0.03 s duration). Therefore, a 30fps frame

rate (0.033s per frame) would make accurate detection of foot-off theoretically not possible [6].

Multiple Kinect V2 sensors have been used to capture longer ranges and overcome viewing
angle sensitivity issues. In a 10-meter walking test study, four Kinect V2 sensors were placed on
the same side of a walking pathway and were angled to capture the person’s front. Results were
in good agreement with an Optotrak system [73]. The ankle farther from the sensors showed

more inconsistency in the mediolateral direction.
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Table 2-2 Stride parameters using Kinect sensors

Ref | Ground truth Methodology Stride parameters Error results
Mean error
[67] Marker based Kinect V1 skeleton time, Speed, Stride Speed: _0'01{“/5
3DMA system data length, Stride time, Stridellen.gth' -4.2mm
Foot swing velocity Stride time: —.0.2.03
Foot swing velocity: 0.43m/s
Error percentage
Two experiments with (Mean + SD)
a single Kinect V1 Normal walk
1. Perpendicular to Step length: 4.6 £ 3.8
walking pathway Step time: 6.6 £ 4.9
2. In front of walking Speed: 3.69 + 1.81
pathway Small steps
Gait parameter Step length Step length: 4.7 + 4.2
. extraction based on - Step time: 6.1+ 4.5
[69] | GAITRite vertical center of mass gteeigv'dth Speed: 3.28 + 2.28
displacement P Long skirt
Normal walking, small Step length: 4.7 £ 3.3
steps, walking in long Step time: 4.7+£5.5
skirt cases in the Speed: 4.37 + 3.19
perpendicular view Kinect in the front view
Normal walking alone Step length: 12,5+ 12.6
in the front view Step time: 11.5+ 8.3
Speed: 10.04 + 7.33
Two independent Sagittal Kinect (mean £ SD)
Kinect V1 sensors, Length (cm): -0.7£2.44
sagittal and frontal Stride length Time (ms): 9.39£190.54
[70] | Vicon plane Stride time Velocity (cm/s): -0.95+1.54
Projections of Stride velocity Front Kinect (mean + SD)
normalized point cloud Length (cm): -0.32+1.0
onto floor (points in Time (ms): 7.47+62.2
bottom 20 inches) Velocity (cm/s): -0.42+0.64
Walking speed Bias (95% LoA)
(cmls) Walking speed: 1.1 (0.1, 2.1)
Cadence(steps/min) | Cadence: -0.9 (-3.0, 1.2)
[73] | Optotrak Four Kinect V2 sensors | Step length (cm) Step length: -0.1 (-1.4, 1.2)
— skeleton data Stride length (cm) Stride length: 0.1 (-0.7, 0.9)
Step width (cm) Step width: -1.3 (-5.2, 2.2)
Step time (s) Step time: 0.01 (-0.02, 0.03)
Stride time(s) Stride time: 0.01 (-0.02, 0.04)
Stride length error (m)
. (mean = SD)
[74] Stride length set | Kinect VV1skeleton data g?rai%t\a,vllgrggth Left leg: 0.43 £ 0.7
— | t0 0.62m Speed Right leg: 0.54 £ 0.74
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Tracking based on Mean and SD ranges
particle filtering Step length (cm):
formulated as Hidden Step lenath Mean error (2.73, 3.87)
75] | GAITRite Markov Model. pleng SD (2.02, 2.31
Step width
Single Kinect V1 P Step width (cm):
closer to the foot, Mean error (1.75, 3.04)
region of interest 1.5m SD (1.17, 2.52)
Single Kinect V1
perpendicular to Step lenath Error (mean £ SD)
[76] | GAITRIte walking pathway pleng Step length (cm): 8.25 £ 5.13
Step width
Center-of-mass based P Step time (s): 0.29 £ 0.17
step frame detection
Tracking Kinect V1 skeleton Asymmetry index Cam recorders system
[77] attached colored | data of elbow, knee outperformed Kinect skeleton
markers on key | Color segmentation ankle ’ ’ tracﬁ(in
locations with two camrecorders g
Foot position average RMSD
error range (mm)
3D colored path Med_lo-lfslteral: (4.9,12.1)
Vertical: (4.9, 12.1)
Stereo attached to foot and . . .
Foot position and Anterior-posterior:(19.4,26.5)
[78] | photogrammetry | tracked based on color - ; . .
(6 cameras) seamentation orientation Foot orientation average
Trgeadmill walkin RMSD error percentage
g Medio-lateral: (5.6, 8.8)
Vertical: (5.6, 8.8)
Anterior-posterior:(15.5,18.6)
Front view (Mean x SD)(ms)
Left stride time: 8 + 62
Right stride time: 2 + 46
Left stance time: -8 £ 110
Right stance time: -20+90
. . Left swing time: 6 £ 115
. Kinect V1 skeleton Stride time : .
[79] Shoe insole data from front and 45° | Stance time nght_swmg time: 27+£104
Pressure sensors | . o Swing time 45° view (Mean £ SD) (ms)
g Left stride time: 18.1+112
Right stride time: 27.3+52
Left stance time: 5.4+123
Right stance time 8+128
Left swing time: -8.3+106
Right swing time: 11.7+112
RMSE (degrees)
Ankle angle
. . Ankle angle: 22.03
[80] | Vicon Kinect V2 Einezr?nlgile Knee angle: 5.33
pang Hip angle: 5.29
Walking speed Bland-Altman(Bias, 1.96SD)
(cm/s) Walking speed (0.53, 0.8)
. . Step time (s) Step time (0.00, 0,00)
[81] | Vicon Six Kinect V2 sensors Step length (cm) Step length (0.36, 1.12)
Step width (cm) Step width (0.66, 1.49)
Stride length (cm) Stride length (0.04, 1.53)
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Another research with Vicon as ground truth showed significantly greater ankle angle errors
(22.03°) with Kinect V2 than hip (5.29°) and knee (5.33°) [80]. Skeleton tracking algorithms
were sensitive to the viewing angle, so step width accuracy (mediolateral errors) improved by
using Kinect sensors on two sides of the walking pathway and then averaging the tracked values

[81]. Nevertheless, Kinect V2 needs improvements to be clinically viable.
2.6 Conclusion

The popular Kinect based systems can identify and track most gait events with reasonable
accuracy, but gaps and limitations exist, mainly with ankle and foot tracking. Skeleton tracking
algorithms provided with the Kinect sensor are not reliable at the foot and are dependent on the
viewing angle (to avoid depth occlusions), which requires multiple sensor setups for tracking. By
considering these limitations, instead of just depending on skeleton joints tracking data, utilizing
the foot’s whole 3D point cloud has higher potential to achieve accurate tracking. The evolution
of the latest depth sensors has overcome major hardware limitations such as depth resolution,
capture speed, and capture range. These advanced depth sensors have the capability to provide

better results than current Kinect systems.
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3  Depth Sensor Selection
3.1 Overview

This chapter presents a comparison of three major depth sensing technologies: time-of-
flight, structured light, and stereoscopic. In this chapter, experiments were performed with
Microsoft Kinect V2 (time-of-flight), Orbbec Astra Pro (structured light), and Intel RealSense
D415 (stereoscopic) sensors to compare the quality of depth images and 3D point clouds. In
addressing Objectivel, the outcomes of this chapter showed that the stereoscopic Intel RealSense
D415 depth sensor is suitable for this application of motion capturing in a hallway scenario since

multiple sensors are required to avoid occlusions while walking.

The contents of this chapter were published in the 42th conference of “The Canadian Medical

and Biological Engineering Society” held at Ottawa, Ontario, Canada in May 2019.

V. Gutta, E. D. Lemaire, N. Baddour, and P. Fallavollita, “A Comparison of Depth Sensors for
3D Object Surface Reconstruction,” in CMBES, 2019.

3.2 Abstract

The ability of depth cameras like Kinect to capture a scene’s depth information in three-
dimensions, along with 2D color RGB images, in real-time makes marker-less human motion
capture a potential option for applications such as rehabilitation, robotics, education, etc. Various
depth sensor technologies are commercially available, and selecting the appropriate depth sensor
is highly dependent on the desired application. This research chapter compared Microsoft Kinect
V2, Orbbec Astra Pro, and Intel RealSense D415 depth sensing technologies for object surface
reconstruction within an interior daily living environment. Intel RealSense D415 was resistant to
interference with multiple sensors and point cloud data at 1m range was more accurate than
Microsoft Kinect V2 and Orbbec Astra Pro.

3.3 Introduction

Human motion capture with optical systems can be classified into two categories, marker-

based and marker-less. For marker-based systems, a person wears either active markers that emit
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light or passive markers that reflect light, and 3D marker positions are tracked in real-time.
Examples of marker-based optical tracking systems are Vicon, Qualisys, and Codamotion.

For marker-less motion capture no markers are placed on the human body. Images are captured
while a person moves in the system’s field of view. Motion capture is based on processing these

captured images.

Marker-less approaches typically use multiple RGB cameras or depth cameras. Finding 3D
human body information from multiple RGB cameras requires extensive image processing and
computation. Depth sensors based on infra-red light are independent of ambient lighting
conditions in the scene and can also provide 3D data in real-time. These depth sensors may be
convenient and easier to use than RGB cameras. Kinect for Xbox One (Kinect VV2) has been used

in the literature for marker-less gait analysis, but has not progressed to use in practice.

Human stride duration depends on walking speed [82]. Based on analysis from [72], 0.5 m/s is
considered slow walking and speeds greater than 1.6 m/s are fast walking. Gait phases can have a
minimum duration of 0.12s (fast walking at 1.75m/s, loading response and “pre-swing”) [83].
Depth sensors such as the Kinect V2 operate at 30fps, which implies that a frame is captured
every 33.33ms. Depth sensors working at 30fps can identify all gait sub-phases, even during fast
walking. However, proper identification of foot-off, which happens in 30ms for a 0.671m/s
walking speed, is theoretically not possible [6]. Even at low walking speeds, the Kinect V2
cannot consistently track foot and toe-off moments [6], [80]. Furthermore, to avoid occlusion

while walking and increase the accuracy of tracking, multiple sensors are required [84].

The purpose of research in this chapter was to find a suitable depth sensor to overcome the
limitations of Kinect V2 sensor for human foot 3D construction during fast walking. As a part of
this study, three depth sensors were investigated: Kinect V2 (time-of-flight), Orbbec Astra Pro
(structured light), Intel RealSense D415 (stereoscopic). The research outcomes provide a basis

for developing new marker-less human movement analysis approaches.
3.4 Kinect V2, Astra Pro, RealSense D415

Table 3-1 shows typical specifications among Kinect V2, Astra Pro, and RealSense D415
sensors. Most D415 specifications are superior to those of Kinect V2 and Astra Pro. RealSense

D415 can be configured to run at various resolutions and speeds, and has a high color resolution
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of 1920 x 1080 and depth resolution of 1280 x 720. In this research, the D415 sensors were
configured with 848 x 480 resolution, to achieve 60fps capture speed at the highest resolution.

Table 3-1 Depth sensors specification comparison

Features Kinect V2 Astra Pro RealSense D415
Technology Time-of-flight Structured light Stereoscopic
Length: 250mm Length: 165mm Length: 99mm
Dimensions Width: 66mm Width: 30mm Width: 20mm
Height: 67mm Height: 40mm Height: 23mm
Color Resolution 1920 x 1080 at 30fps 640 x 480 at 30fps 848 x 480 at 60fps
Depth Resolution 512 x 424 at 30fps 640 x 480 at 30fps 848 x 480 at 60fps
Maximum depth speed 30fps 30fps Up to 90fps
Depth range 0.5m to 5m 0.6m to 8m 0.3m to 10m
Field of view 70.6° x 60° 60° x 49.5° 65° x 40°
Ve s 0 o
External power supply Yes No No

34.1 Microsoft Kinect V2

Kinect V2 has a wider field of view and uses time-of-flight technology. In brief, Infrared
(IR) rays are projected onto an object and these rays reflect to a camera array after hitting an
object. The object’s depth is calculated based on IR time-of-flight [85].

3.4.2 Orbbec Astra Pro

Astra Pro uses structured light technology to determine depth information. Known features
are projected onto an object and observed using an IR camera. 3D construction is based on image

correlation and triangulation [86].

34.3 Intel RealSense D415

Active IR stereoscopic technology is used to find depth data. An IR projector projects a
texture pattern onto the scene, to find more matching features between stereo IR images. Depth is

estimated based on the disparity between key-points in stereo images [87].
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3.5 Methodology

Experiments were performed with Kinect V2, Astra Pro, and RealSense D415 to compare
depth image quality and 3D point cloud quality. Point clouds were generated directly from the

depth cameras.

3.5.1 Single Sensor Depth Images

A standard-size basketball of radius 119.3mm and two boxes with dimensions of 342mm X
162mm x 115mm were placed on the ground plane. Depth sensors were positioned approximately
1m from these objects (Figure 3.1). Depth images of these objects were captured with a single
sensor and 100 frames were averaged. Sphere models to fit point cloud data are readily available
in PCL libraries [88], so this chapter focused on sphere analysis.

Figure 3.1 Single sensor setup

3.5.2  Multiple Sensor Depth Images

The experimental setup remained the same as for the single sensor assessment, but with one
additional depth sensor, opposite the first sensor, placed 1m from the objects (Figure 3.2). Depth

images were captured with both sensors at the same time and averaged over 100 frames.

3.5.3  Sphere Detection from Point Cloud

Background removal was necessary to segment the ball from the scene. The minimum
background method was applied using 500 depth frames captured without the ball and box

objects in the scene [89]. Then, the basketball was placed in front of sensor on the ground plane.
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Hundred depth frames were captured and background subtraction was applied to the depth data.
A point cloud was created from each frame, containing only points belonging to the basketball.
These points were fitted to a RANSAC sphere model [88].

Variables included the actual basketball radius (R), estimated radius (R,s;), number of points in
point cloud (N), number of points inliers to RANSAC sphere (N,,), estimated center (Cog;),
number of points farther than R from C,; (N,), number of points nearer than R from C,g; (N_),
distance of it"* model inlier point from C,s; (d%,), distance of i** farther point from C,g (d% ),
and distance of i*" nearer point from C,g, (d“ ). o, is standard deviation towards the exterior of
a sphere, o_ is standard deviation towards the interior of sphere, and R, iS the root mean
square error. The standard deviations and root mean square error are calculated using (3.1), (3.2),

and (3.3). Results provided in Table 3-2 were the average of 100 iterations.

Figure 3.2 Two sensors setup

N,
N_
rms Nm
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3.6 Results
3.6.1 Depth Images

Depth pixel values greater than 2000 mm were excluded. Figure 3.3 — Figure 3.7 show

depth camera images, where each pixel is a depth, scaled from 0-2000 mm to 0-255 for display.

Black pixels indicate either no depth data available or depth data range is greater than 2000 mm.

The depth images when using a single Kinect V2 (Figure 3.3) had clean, sharp edges for both the
rectangular shaped object and spherical object. Astra pro’s depth images had many depth data

gaps at object edges. RealSense D415’s depth images had less missing depth data than Astra pro.

For two sensors capturing data simultaneously, Astra pro had extensive interference, resulting in
missing depth data (i.e., dark pixels in Figure 3.4). Kinect V2 had less interference with two
sensors but the interference region was not consistent (Figure 3.5). When averaged over 100
frames, the black pixel areas were reduced for Kinect (Figure 3.6). Averaging would only be
applicable for static objects. The stereoscopic-based Intel RealSense D415 sensors did not have

interference, even when both sensors capture depth data simultaneously (Figure 3.7).

3.6.2 Point Cloud

Intel RealSense D415’s delivered a denser point cloud because of its high depth resolution.
Error in estimated sphere radius was less than 1mm for both Astra Pro and RealSense D415 depth
sensors. Intel RealSense D415 point cloud quality outperformed the other depth sensors in every

aspect, other than the standard deviation of points towards the interior of sphere (Table 3-2).

(@) (b) (©
Figure 3.3 (a) Single Microsoft Kinect V2 depth image, (b) Single Orbbec Astra pro depth image,

(c) Single Intel Realsense D415 depth image
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Figure 3.4 Averaged depth images from two Astra Pro sensors

Figure 3.5 Depth images from two Kinect V2 sensors

Figure 3.6 Averaged depth images from two Kinect V2 sensors
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Figure 3.7 Averaged depth images from two RealSense D415 sensors

Table 3-2 Sphere detection

Kinect V2 Astra Pro RealSense D415
N 8132.33 18589.8 26708
N, 7654.43 18482.6 26708
R, (Mm) 113.83 120.25 118.74
Ryms (Mm) 7.15 1.88 1.68
o, (mm) 5.79 1.86 1.37
o_ (mm) 7.27 0.93 1.78

3.7 Conclusion

To construct 3D objects, data from multiple sensors are simultaneously required in order to
avoid occlusion. The Kinect V2 and the Astra Pro sensors had interference when multiple sensors
were used at the same time. The Intel RealSense D415 sensor did not display evidence of
interference when multiple sensors were used simultaneously, and delivered a dense point cloud
at 60fps. Therefore, the RealSense D415 is a feasible technology to construct 3D objects and also
delivered less point cloud errors than the Astra Pro and Kinect Xbox One sensors at a range of
1m. The RealSense D415 dimensions, no external power supply requirement, and ability to use
multiple sensors per computer are other advantages for a marker-less human movement analysis

application.
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4 Hallway Setup and Synchronization
4.1 Overview

This chapter discusses the physical setup of multiple depth sensors in an institutional
hallway scenario, which was based on the 3D animated simulations. The details of temporal and
spatial synchronization of these multiple sensors are presented. This chapter addresses Objective2

of this research.

The contents of this chapter were published in the “IEEE/ACM 1° International Workshop on
Software Engineering for Healthcare” held at Montreal, Quebec, Canada in May 2019. Paper
details are:

V. Gutta, N. Baddour, P. Fallavollita, and E. D. Lemaire, “Multiple Depth Sensor Setup and
Synchronization for Marker-less 3D Human Foot Tracking in a Hallway,” in IEEE International
Workshop on Software Engineering for Healthcare, 2019, pp. 77-80 (© 2019, IEEE).

4.2 Abstract

In this chapter, an animation was designed to determine an appropriate physical setup for
depth sensors in an institutional hallway, for human foot surface capture and tracking. The sensor
configuration was tested by creating the setup in a laboratory with Intel RealSense D415 depth
cameras, synchronizing multiple depth sensors (spatially and temporal), collecting depth camera
data, and generating a point cloud of a person walking in the capture area. Simulations showed
that 96% of a walking human’s foot surface can be reconstructed from depth sensors data, using

sets of four diagonal corner locations for each instance.
4.3 Introduction

Motion capture systems for human stride analysis can be broadly classified into marker-
based and marker-less systems. In marker-based systems, a person wears markers or sensors on
their body for tracking. Inertial marker-based systems use accelerometers and gyroscopes to
calculate limb speed and orientation. These external sensors could affect the person’s gait [27].

Marker-less systems track human motion without any external devices or markers attached to the
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body. These systems can capture the person’s natural gait and could enable movement analysis
for larger populations. Depth sensors are well-known for real-time marker-less motion capture.
The Kinect depth sensor was able to track most of human joints within acceptable clinical

accuracy, but was poor at foot tracking [80].

Patients, staff, and visitors move through hospital, rehabilitation center, and long-term care
hallways [90]. This space can be smartly utilized for stride analysis by implementing marker-less
tracking. A single depth sensor is not sufficient to capture the entire human surface, especially
for narrow areas like hallways. Foot tracking enables stride parameter analysis, which is a viable
tool for identifying changes in mobility [4], fall risk [16], and mental capacity [18].

The Intel RealSense D415 depth camera can be considered for the foot tracking application. This
camera uses active infrared stereo technology and was chosen because of its high resolution
(848 x 480), high speed (60fps), range (10m) and no interference while multiple cameras are

used simultaneously [44].

This research used software simulations to determine the required number of depth sensors and
their set up in a hallway for foot tracking. The depth sensor setup was then tested in a lab

environment.
4.4 Simulation

3D simulation of human walking in a hallway was developed using Blender software [91].
All objects in the simulation were designed with realistic dimensions. A light source with a field-
of-view (FOV) similar to Intel RealSense D415 [44] was used as the depth sensor (Table 4-1). In
simulations, we used the Intel D415 RGB camera’s FOV (69.4°%42.5°). Based on the insights
from the simulation results, the physical setup was built with the sensor’s depth FOV (65°%40°).

In this simulation, three different setups were investigated (Figure 4.1). Setupl had two depth
sensors at opposite corners of hallway and Setup2 had four sensors at each corner. Light sources

had a 7.5m center range, such that maximum diagonal range was within 10m.

Setup3 used a smaller capture area and six lower range sensors (5m). Since RealSense D415
depth error is proportional to the square of distance [92], improved accuracy requires a lower
range. Reducing the range requires more sensors to provide four camera views at each instance

in the capture volume.
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Table 4-1 Animation objects details

Object Dimensions
Length: 10m
Hallway Width: 1.8m
Height: 2.7m
Human model (Figure 4.2) Height: 1.78m
Light Source FOV: 69.4° x 42.5° x 76.9°
(2 and 4 sensors setups) Range: 7.5m
Light Source FOV: 69.4° x 42.5° x 76.9°
(6 sensors setup) Range: 5m

10 m

- | 8m =>

Figure 4.1 Hallway simulation setups with two, four, and six sensors

441  Experiment

The human model (Figure 4.2) was animated to walk through each setup. The target foot
area was textured in blue and the light source used as a depth sensor. The region where light
contacted the human was brighter; therefore, bright target pixels were considered visible (i.e.,
depth data would be captured). At each instance, the target area was captured from 12

perspectives using virtual cameras (Figure 4.3).
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Invisible pixels

Visible pixels

(a) (b)
Figure 4.2 (a) A 3D Human model, (b) Textured target area and visible bright areas

Every target pixel was captured in at least one of these 12 frames. For the i" camera frame at an
instance, target pixels (T; ), visible target pixels (V;), and invisible target pixels (I;) were used to

calculate visibility percentage (P) at that instance using equations (4.1) and (4.2).

All target pixels were converted into hue saturation value (HSV) color spaces. Using the “Value”
channel, also known as “Intensity” or “Brightness”, target pixels with “Value” channel of at least
30% of maximum were categorized as visible. Pixels with lower brightness may result in poor

capture quality and were categorized as invisible pixels.

Figure 4.3 Camera setup around the target area
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Ti = Vi + Ii (41)
12
4V
P = S35 x 100 (4.2)
i=1Ti

442 Results

The target area’s visibility percentage while walking was plotted for each instance along
the hallway (Figure 4.4). Visibility with two sensors was less than the other setups. Four sensor
and six sensor setups had similar visibility. The capture hallway length for six sensors setup was
greater than other setups (Table 4-2). The sensors were operating at lower range for six sensors
setup, so the accuracy would be better than other two setups.

100
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o
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S

o 40
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E

2 2017 setupl: 2 sensors

> —— Setup2: 4 sensors

- Setup3: 6 sensors
0 T T T T T T
0 2 4 [ 8 10
Human location in hallway (m)
Figure 4.4 Target visibility percentage
Table 4-2 Simulation results
Setup Capture hallway length Average foot visibility

2 sensors 5.6m 83.33%
4 sensors 5.65m 97.07 %
6 sensors 7.15m 96.18 %
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443  Physical setup

Six Intel RealSense D415 sensors were placed in the same configuration as Setup3
(Figure _4.5) at 0.8m from the floor. The horizontal distance between sensors (i.e., distance
between pairs (1,6), (2,3), (3,4), (5,6)) was 1.4m and vertical distance (i.e., between pairs (1,2),
(3,6), and (4,5)) was 1.8m. Intel D415 units had noisy and inconsistent data at a 5m range.

Therefore, the camera setup was brought down from the ceiling to waist height.

Figure 4.5 Physical setup of six sensors

4.5 Synchronization

45.1 Time Synchronization

Time Synchronization used a server-client approach with each sensor connected to a laptop

that acted as a server. These laptops were connected to another laptop (client) through Ethernet.

All server laptops were triggered by the client at the same time. Server laptops captured scene
data (depth image and RGB image, 848 x 480 pixels, 60fps) and timestamp, parallel down-
sampled the depth image to half the resolution (424 x 240), and sent a message to the client.
After signals were received from all servers, the client sent a message to capture the next frame
data. All servers were forced to capture data within 30ms. If any server was not able to capture,

server data for that frame was ignored.

Depth image down-sampling used a non-zero median of each group of four (2 x 2) pixels [93].
Down-sampling increased accuracy and reduced computation time.
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45.2 Point Cloud Data from Depth Images

Each RealSense D415 unit had color and depth coordinate systems. Intrinsic parameters
(focal length, principal point) and extrinsic parameters (rotation and translation between

coordinate systems) were available from the sensor.

For focal length (f, f,,) and principal point (cy, c,) intrinsic parameters, a 3D point (x, y, z) for a
pixel value (d) in depth frame at row (r) and column (c) was calculated using (4.3), (4.4), and
(4.5).

_ (C_;x) xXd 43)
y= % (4.4)
z=d (4.5)

45.3  Spatial Synchronization

Spatial synchronization identified sensor physical location with respect to a reference
sensor coordinate system (transformation matrix between the reference and sensor coordinate
systems), using a traditional chessboard stereo calibration method [94]. An 8 x 6 chess board
with each square side 108mm was used as calibration tool. A screenshot of detected corners on
the chessboard while stereo calibration between two sensors was shown in Figure 4.6. These
corners pixels were the key points and accuracy of calibration results depends on them
significantly, so high resolution (1280 x 720) color images were used and the result was a

transformation matrix between two sensor's color coordinate systems.
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fromeg 85 \ Frome 85
Selected Chess Board framesgllBPTOY Selected Chess Board frames: 8%/100

Press 's' to use this g

Figure 4.6 Corners detected on a chesshoard for stereo calibration

454  Merging Six Sensor’s Data into a Point Cloud

A time synced point cloud in the depth coordinate system was obtained for each sensor and
transformed into a color coordinate system. All point cloud data were transformed into the first
sensor's color coordinate system. Transformation matrix from j* to i*" sensor's color coordinate

system was represented as T;.; and transformation matrix from jt" to the first sensor was
calculated using (4.6). A point (Pt;) from j th sensor’s point cloud was transformed to point (Pt;)

in the first sensor's coordinate system with (4.7). The point cloud was statistical outlier filtered
[95], smoothed [96], and down-sampled [97] using Point Cloud Libraries.

j
T1<_j=1_[T1<_k;j>1 (4.6)
k=2

455 Evaluation

A 500 continuous data set (500 x 6 servers = 3000 depth and 3000 RGB frames) was
captured at 60 fps. Speed was consistent for all sensors, indicating time sync for all the six

sensors (Figure 4.7).
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A basketball with a radius (R) of 119.6mm was placed at the center of capture volume. The
background subtracted [89] merged point cloud of size ‘N’ was fitted to a RANSAC sphere
model [88]. From the RANSAC model, the estimated sphere radius (R.s:), estimated center
(Cos:) and the number of inlier points to RANSAC sphere (N,,,) were calculated.

70
65 -
é
Eg 55
N —— Sensor 1
50 4 Sensor 2
- Sensor 3
- Sensor 4
45 1|— sensor s
—— Sensor 6
40 T T T T
100 200 300 400 500

Number of frames captured
Figure 4.7 Time sync results showing frames captured vs speed

Points farther than 135mm from C,,; were removed (i.e., noise) then point cloud (size N,),
number of points farther than R from C,; (N,), number of points nearer than R from C,g; (N_),
distance of it" point from C,g, (d’,), distance of i*" farther point from C,, (d%), distance of i*"
nearer point from C,., (db), and distance of it" point from C,,, (d‘) were calculated. Standard
deviation towards the sphere’s exterior (0,), standard deviation towards the sphere interior (o_),
root mean square error (R,.s), and average distance of points from C,s (7,,4) Were calculated

using (4.8) — (4.11). Averaged values over 100 frames were shown in Table 4-3.

2 [§ N+ _ qny2
o, = \/Zn—1(§+ dy) (4.8)
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(4.9)

(4.10)

(4.11)

Table 4-3 Spatial synchronization results

Variable Value
Ball radius (R) 119.26mm

Number of point cloud points (N) 2186.76

Number of sphere inlier points (N,,) 1945.15
Calculated sphere radius (R.s;) 111.26mm
Average distance from center (r,,) 110.58mm

Exterior standard deviation (o) 6.9mm
Interior standard deviation (o_) 12.24mm
Root mean square error (R, ) 11.83mm

The error in values from the merged point cloud was consistent with the theoretical limitation of

approximately 10mm error at 2.5m from the sensor [92]. A sample merged human walking point

cloud is shown in Figure 4.8.
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Figure 4.8 Front (top left), back (top right), left (bottom left) and right (bottom right) views of a merged
point cloud of human walking

4.6 Conclusion

From the simulation results, capturing the foot surface of a walking person would need a

minimum of four sensors positioned diagonally to the person.

Intel RealSense D415 depth sensors were suitable for this multiple sensor application because of
non-interference when simultaneously capturing depth data. Due to limits of distance versus
accuracy for stereo technology-based depth sensors, sensors should be as close as possible to the

scene or object. The method for time synchronization showed consistent performance at 60fps.
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5 Foot Tracking and Stride Analysis
5.1 Overview

Addressing Objective3 and Objective4, this chapter presents a novel algorithm to track the
foot in a walking human’s 3D point cloud data obtained from the depth sensors in a hallway
setup. Using the tracking results, stride parameters were calculated and compared with the gold
standard Vicon system. Modified contents of this chapter were submitted to the IEEE
Transactions in Human-Machine Systems as a manuscript titled as “Development of a Smart

Hallway for Marker-less Human Foot Tracking and Stride Analysis”.
5.2 Abstract

In this chapter, a marker-less ‘smart hallway’ is proposed where stride parameters are
computed as a person walks through an institutional hallway. A novel algorithm was developed
to track a human foot using combined point cloud data obtained from multiple Intel RealSense
D415 sensors. A method was implemented to separate the left and right leg point cloud data, then
find the average foot dimensions. Foot tracking was achieved by fitting a box with average foot
dimensions to the foot, with the box’s base on the foot’s bottom plane. Smart hallway results
were validated by comparing marker-less system stride parameters with Vicon system output.
With the smart hallway system frame rate at approximately 60fps, temporal stride parameter
differences between systems were less than 10ms. Random noise around the foot’s point cloud
was observed, especially during foot strike phases. This caused errors in medial-lateral axis
dependent parameters such as step width and foot angle. This novel marker-less smart hallway
approach delivered promising results for stride analysis with minimal errors for temporal stride

parameters and reasonable errors for medial-lateral spatial parameters.
5.3 Introduction

Human stride analysis in clinical settings is often performed with optical marker tracking
systems such as Vicon, Optitrack, and Qualisys requiring expensive setup and dedicated
laboratory space. Passive markers are placed on the body to track limbs. Active markers such as

light-emitting diodes (LED) can be also used with cameras for human gait acquisition and
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characterization [98]. Inertial Measurement Units (IMU) can also be attached to body parts to
enable inertial motion capturing technologies [23], [99]-[101] to record kinematic gait data.
Affixing external sensors on the human body may cause discomfort to patients and substantially
change their natural gait [27]. An additional factor is that these systems require technical

expertise for attaching markers and conducting experiments.

The release of low-cost Kinect depth sensors for gaming showed a vast potential and has been
well researched for human gait-related health care applications; such as, fall risk [69], [70], [74],
[76], Parkinson’s discase movement assessment [60], fall detection of people with multiple
sclerosis-related to nervous system [63], autism disorder identification [61], classification of
abnormal gait [59], [62], virtual gait training programs [78], diagnosis, monitoring, and
rehabilitation [79].

Depth sensors capture both depth and color images. Depth data contains distances, at each pixel,
between the depth sensor and objects in the capturing scene. Popular Kinect V2 systems can
identify and track the majority of human joints by defining joint points that constitute a human
skeleton-model or building a human model from the scene’s point cloud. However, gaps and
limitations exist with lower body tracking, especially at the ankle and foot [6], [80]. Kinect’s
machine learning-based skeleton tracking is not reliable, with tracking points sometimes moving
outside the body and tracking varying with viewing angle [81]. Given these limitations,

approaches that use the whole point cloud could provide better foot tracking results.

Patients, staff, and visitors typically move through similar hallways in hospitals, rehabilitation
centers, or long-term care facilities [90]. This space could be utilized in an intelligent way by
performing marker-less stride analysis as patients walk through the hallway. Measuring patients
every time they walk through the hallway, without intervention, could help identify changes in
their movement status. Due to narrow hallway spaces and to avoid occlusions while a person is
walking, multiple depth sensors would be required. Stereoscopic based Intel RealSense D415
depth sensors are suitable for this application since they did not experience interference when
multiple sensors were used simultaneously [7]. Furthermore, these sensors capture data at 60fps,

which can provide sufficient data for analyzing temporal related stride parameters.

To explore depth sensing technology for stride parameter analysis within an institutional hallway

environment, this research developed and prototyped a novel point-cloud-based marker-less
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system and assessed system performance by comparing stride parameter output with industry
standard marker-based motion analysis. Successful implementation of this smart hallway concept
would introduce unobtrusive movement status assessment that can guide clinical decision-
making, without introducing unsustainable human resource requirements. This would also
become the basis for future data analytics applications for predicting changes in dementia, fall
risk, or other aging-related conditions.

5.4 System Setup and Synchronization

In our previous work [8], a physical setup with six Intel RealSense D415 was configured in
the lab to replicate a hallway scenario (Figure 5.1). All sensors focused downwards to capture the
foot and lower leg, with 4 cameras capturing the leg at all times. Data were trimmed at the both
ends of this setup because at least four sensors did not capture the foot. The middle 1.5m was
defined as the capture zone. Techniques from our previous work were used for temporal

synchronization (client-server approach) and spatial synchronization (stereo chess board method).

This system captures 848 x 480 size depth images and color images at approximately 60fps, with

a timestamp for each frame, from all the six sensors. To increase accuracy and reduce

computation time, a non-zero median filter for every 2 x 2 pixels was applied to remove “spikes”

in the depth data and down-sample to half resolution (424 x 240) [93].

Figure 5.1 Physical setup of marker-less system using hallway dimensions (Red: x-axis, Green: y-axis,
and Blue: z-axis)
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54.1 Sensor Parameters

Intrinsic parameters such as focal length (f, f,) and principal point (c,,c,) for Intel
RealSense D415 depth and color cameras were obtained from the manufacturer. Two coordinate
systems (depth, color) and extrinsic parameters (rotation and translation, to transform data
between depth and color coordinate systems) were also obtained. This marker-less six depth
sensors setup was spatially synchronized in the color coordinate system, such that the combined

output point cloud was in the first sensor’s color coordinate system.

5.4.2 Room Coordinate System

A reference coordinate system on the floor plane (Figure 5.1) was designed, with x-axis in
the medial-lateral (ML) walking direction, y-axis parallel to the pathway (anterior-posterior; AP),
and z-axis outwards to the floor (Vertical; V). This reference coordinate system was labelled as
the Room Coordinate System (RCS). Point cloud data from the first sensor’s color coordinate

system was transformed into the RCS by determining a transformation matrix 'Tx.,".

A chessboard (8 x 6) was placed on the floor with the horizontal edge parallel to the RCS x-axis
and vertical edge parallel to the y-axis. The board’s depth and color images were captured with
the first sensor at 1280 x 720 resolution. The depth image was down-sampled to half resolution
using median filter, 3D points were calculated from the depth image using depth intrinsic
parameters, and then points were transformed into the color coordinate system using extrinsic

parameters.

A new color image was constructed using 3D points and corresponding projection pixels onto the
captured color image. For a 3D point (x,y, z) in the color coordinate system corresponding to
row 'r;' and column 'c;' in the depth image, the projected pixel location ('.','c.') in the captured

color image was found using (5.1) and (5.2) (color camera’s intrinsic parameters used in the

equations). The red, green, and blue channel values at row 'r;" and column 'c;" in the constructed
color image (Figure 5.2) were the values at row '7.' and column ‘¢, in the captured color image

and the values of pixels corresponding to invalid 3D data (0,0,0) were set to zeroes.

Three key points k4, k,, and k5 were identified in 100 frames. For each key point, 100 instants of
its 3D location obtained in the color coordinate system. Each dimension value (x,y, and z) of
these 100 3D points was sorted separately and the middle 50 values were averaged.
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Figure 5.2 Key points on the chessboard for room coordinate system (Red: x-axis, Green: y-axis, and

Blue: z-axis)

.= (@) +c, (5.1)
Cc = l(x XZ fx) + Cx | (5.2)

The RCS origin was at point k,(x,, Yo, Zo), the unit vectors were Xz (x%, y%, z5) from k, to ks,
yr (x3, v7,23) from k, to kq, and Zz (xZ, yZ, zZ) the cross product of ¥z and yz with respect to
the first sensor color coordinate system, whose origin was at the point (0,0,0) and corresponding
unit vectors were x(1,0,0), ¥(0,1,0), and 2(0,0,1) respectively. The transformation matrix from

the first sensor to the RCS was obtained using (5.3).

xk xy xE xo
y
To, = yi‘ y,; Y& Yo (5.3)
ZR  Zp Zp Zo
0O 0 0 1
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5.5 Point Cloud

A point cloud was generated from the six depth sensors. The process involved generating a
background depth image from a static scene; subtracting the background information from the
depth images; constructing walking human point cloud data for each sensor from the background
subtracted depth images; and merging and transforming point clouds from the six sensors to
RCS. The combined point cloud was filtered and smoothed to reduce noise.

55.1 Background Frame

From each sensor, 1000 depth frames of background data (without any objects) were

captured. The pixel value at row 'y', column 'x" of these background frames was represented as
bfy(,’c"i) for the it" frame of j* sensor. This system was designed to work in the range of 200mm
to 5000mm. All background frame pixels for the j** sensor (BFU)) were initialized with 5000 as
shown in (5.4), then the pixel value at row 'y', column 'x' (BFy(,’C')) was updated with the minimum

of BFy(jC') and bfy(,?, iterating through 1000 frames (i = 1 to 1000) using (5.5).

BEJ =5000;1<y <424,1<x <240 (54)

BEY ; bfI < 200 or b£Y > 5000

. 5 0 .
BEY = { BEY ;200 < bf3” < 5000,BEL < bfJ" (5.5)

yx X

bfy; 200 < bfSY < 5000,BEY > bfI"

5.5.2  Background Subtraction

A background subtracted depth image for the jt* sensor (BS()) was obtained by pixel-
wise comparison with the corresponding sensor’s background frame (BF()) [89]. For a depth
frame from the j** sensor (DF (), pixel values less than the background frame’s pixel value, and
greater than the minimum value (200 mm), were considered the same value in the BSY frame.
Other pixel values were assigned the maximum value (5000 mm), as presented in (5.6), for a
pixel in y* row and xt" column. For further processing, BSY”) was linearly scaled down to
[0, 255] from [0, 5000]. From the scaled-down image (SBS"), a Binary Background Subtracted
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image (BBSY)) was constructed based on (5.7).

A connected component filter [102] with 1000 pixels connected area cut-off was applied to the
BBSY image and output was a Binary Filtered Background Ground Subtracted image
(BFBSY). The BSU) image was modified based on the BFBSU) (5.8). A sample BFBS frames
from all sensors shown in the Figure 5.3. White pixels in the BFBS frames were foreground and
black pixels were background. Depth data was not captured in the small gaps among foreground.

5.5.3  Point Cloud Construction

3D point cloud points were constructed from each sensor’s background-subtracted depth images
and then transformed into the first sensor’s coordinate system as in our previous work [8]. This
“combined point cloud” was transformed into RCS using the transformation matrix 'Tg;" (5.3).
For a point Pt,(x,y,z) = [xy,V1,2,] in the first sensor’s coordinate system, the corresponding

point in the RCS, Ptg(x,v,z) = [xg, Y&, zg] Was calculated using (5.9).

Figure 5.3 Background subtracted binary images from six sensors
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) . 6)) 6))] 6))
6)) _ DFyx ; DFyx < BFyx ,DFyx > 200 (5.6)
YX ye{1,2,..,424},x€{1,2,..,240} 5000: Other wise

)]
; 0; SBS;, =250
BBSY) = x (5.7)
y€{1,2,..,424},x€{1,2,..,240} 255: SBSJ(,]x) < 250
0 0; BFBSJ) =0
o =1 - (5.8)
y€{1,2,..,424},x€{1,2,..,240} BSf,jx); BFBSJ(,]x) = 255
XR X1
Yr| _ V1
Ze |~ TR 7 (5.9)
1 1

5.5.4  Filtering

The combined point cloud was filtered using a statistical outlier filter [95], smoothed with a
moving least-squares technique [96], and then down-sampled with a voxel grid filter [97].
OpenCV libraries [103] were used for 2D image processing and PCL [104] for 3D point cloud

processing.

For every 3D point in a point cloud, 100 neighbor points were analyzed to find outliers. Mean
and standard deviation of distances of the closest 100 points from each point of interest were
found. Points farther than one standard deviation from the point of interest were considered

outliers and removed.

Point cloud points were smoothed by fitting a second-order polynomial equation to points within
30mm of each point of interest in the point cloud. The point cloud was divided into 5mm x 5mm
x 5mm voxels (3D boxes) and then down-sampled by replacing points in a voxel with the
centroid of these points. This method of down-sampling retained the point cloud surface and

reduced computation time for point cloud processing.
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5.6 Leg Segmentation

Since this research is concerned with tracking a walking person’s foot, point cloud points
less than 70cm from the floor were selected, since the foot and shank are always present in this
region. This lower leg point cloud was divided into left and right leg points clouds. To segment a
current point cloud frame, Euclidean clustering, average leg dimensions (calculated from the

point cloud data), and past point cloud frames were used.

5.6.1 Euclidean Clustering

Point cloud points were divided into clusters based on the Euclidean distances between
points [105]. The clustering tolerance was 50mm, which implies that the points within 50mm
radial distance from an interested point in the point cloud were clustered together.

Each cluster was verified using the number of points and cluster volume (i.e., volume of
bounding box around the cluster). Point clouds with two clusters, each with a minimum of 1000
points and cluster volume greater than 75 percent of average leg volume were considered to
contain data from two legs, and each cluster was considered an individual leg (Figure 5.4). Point
clouds with a single cluster greater than 1000 points and volume between 0.75 to 1.25 times the

average volume was considered single leg data.

(@)
(©)

(d)
Figure 5.4 (a) Front, (b) left, (¢) back, and (d) right views of left (red) and right (yellow) leg points

segmented using Euclidean clustering
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During mid-swing, when both legs are close together, noise between the legs caused the points to
group into a single cluster. In these cases, the two legs data were identified as a single cluster
(Figure 5.5), with cluster volume greater than two times the average leg volume. Therefore, a

different approach was used to segment the legs (“Moving Points Segmentation™).

Point cloud frames that were not in one of these three categories (Two valid legs, single leg, two

legs as a single cluster) were ignored.

(b)

(c) (d)
Figure 5.5 (a) Front, (b) left, (c) back, and (d) right views of a single clustered point cloud with two legs

5.6.2 Leg Dimensions

Leg dimensions were calculated from a closest oriented bounding box (OBB, Table 5-1)
around the leg point cloud. Frames with two separate Euclidean clusters (two legs) and each leg
with more than 1000 points were considered for calculating average leg dimensions, from 40
valid leg point clouds (Table 5-2). Dimensions (I,w,h) were calculated using Algorithm I
(Table 5-1) and then sorted before calculating the average of center 20 elements for each

dimension.

Algorithm | oriented the bounding box around the point cloud data (Table 5-1). This was
achieved by calculating the point cloud’s centroid, to locate the bounding box, and then

determining box rotations to orient the box around the point cloud.
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Table 5-1 Algorithm I: Oriented bounding box around point cloud data

Step

Methodology

Calculate the point cloud’s ('PC’) centroid (C) and normalized covariance matrix (COVy). For
COVy, each covariance matrix element is divided by the number of points in the point cloud. The
covariance matrix, also known as dispersion matrix, contains information on dispersion direction
(Eigen vectors) and dispersion magnitude (Eigen values).

Calculate Eigen vectors ([v1 V2 v3]) for COVy. Each vector is an OBB axis, where v; is
replaced with a cross product of v,, v, such that axes obey the right-hand rule.

Find an initial 4 x 4 transformation matrix (Tj%%) formed using centroid and Eigen vectors as
rinic _ [V1 V2 V3 C]
BB =710 0 0 1

Find point cloud 'PC," with centroid at origin by transforming PC. The relation between point p;
in PC, its corresponding point p, in PC, is [Pls] = THt [pl"] A transformed PC, is shown in

Figure 5.6(a).

Find the minimum (min,, min,, min,) and maximum (max,, max,, max,) of each x,y,z
dimension. Obtain OBB dimensions from the absolute difference between minimum and
maximum values in each dimension.

Mmin,+ max,
2
| miny+ max,,
Calculate OBB position (POSypg) [POiOBB] =TT 2
min,+ max,
2
1

The OBB rotation matrix is Rg4E = [V1 V2 V3]s . With these dimensions, position, and
rotation, an OBB around the leg point cloud can be drawn (Figure 5.6(b)).

Since rotations are not unique, PC, could be aligned in different ways (Figure 5.7). The following
steps ensure that foot AP is along the x — axis, ML is along the y — axis, and the bottom of foot

is in negative z — axis. This aligned point cloud at origin is represented as PC2"9".

The four closest corners to floor are considered OBB bottom corners. The rest are top corners.
Any bottom corner can be considered the reference point. Distances from the reference point to
the remaining three bottom corners are calculated. Minimum distance is OBB width (w),
maximum distance is diagonal, and middle distance is OBB length (I). The minimum distance
from the reference corner to the top corners is the OBB height (h).

From a reference point, calculate a unit vector in the length direction (1) and a unit vector in the
height direction (h).

10

Calculate the rotation matrix (Rppg) between a coordinate system with point 0(0,0,0) as the
origin, unit vectors X(1,0,0), and 2(0,0,1) and the other coordinate system with corresponding
values POSyzg, I, and h. This R, is the new rotation matrix for the OBB.
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Algorithm 11 identified valid frames for measuring average foot and leg dimensions. Valid
frames had the complete foot aligned parallel to the bottom OBB plane (Table 5-2).

Table 5-2 Algorithm I1: Valid frames to measure dimensions

Step Methodology

1 Calculate POSygg, Rogg, I, w, and h for a leg point cloud (PC;), using Algorithm | (Table 5-1).

For every point (p;) in PC;, a corresponding point (p,) in the point cloud PC*"*9™ is calculated

C |- I

A box with centroid at the origin, height (k) in the z-axis, width (w) in the y-axis, and length (1)

in the x-axis bounds the PC2"*9™,

Divide this box into 12 horizontal slices along the z-axis, starting from the bottom, with 25 mm
height, length (1), and width (w).

For each slice, calculate minimum (min,, min,,, min,) and maximum (max,, max,, max,) for
5 each x, y, z dimension using points inside the slice. Calculate the slice volume as

Vsiice = (Mmax, —min,) X (max, —min,,) X 25.

A leg point cloud is considered valid for calculating dimensions if the maximum V;;.., was one of
bottom two slices and value greater than 80 percent of I X w X 25.

(@) (b)
Figure 5.6 (a) Point cloud 'PC/ with centroid at origin, (b) OBB around 'PC’ (Red: x — axis,

Green: y — axis, and Blue: z — axis)
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(b)
Figure 5.7 Leg PC, with foot AP along (a) x — axis (red), (b) y — axis (green), (¢c) z — axis (blue)

5.6.3 Moving Points Segmentation

For a current point cloud frame (PC.) with two legs identified as a single cluster, a
reference point cloud (PC,.s) from the past frames was found using Algorithm 11l (Table 5-3).
For a current point cloud frame, Algorithm 111 identified a reference frame from previous frames.
Point cloud points were projected onto the floor plane and their centroids were calculated. The
reference frame’s centroid was separated by a minimum distance of 100mm from the current

frame’s centroid.

Table 5-3 Algorithm I11: Past reference point cloud frame

Step Methodology

Project point cloud data (PC,) of N** frame onto the floor plane and calculate centroid on the
floor (Cy).

2 Reference frameatR = N —5and R > 0.

3 If the number of points in the R frame’s point cloud is less than 1000, go to step 5.

4 Project point cloud data at R*"* frame onto the floor plane and calculate centroid on the floor (Cg).

R®™ frame is the reference point cloud (PCyep). If the distance between Cy and Cy is greater than
100 mm, else go to the next step.

6 ForR = R —5;if R > 0 go to step 3, else ignore the Nt" frame.
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From every point in the reference point cloud (PC..f), points within 20mm in PC, were
categorized as the non-moving leg point cloud 'PC;’ (repeated points were ignored). All other
points in PC, were moving points and categorized as the other leg’s point cloud 'PC,’. Each
point cloud had at least 30 percent of total points in PC, and the statistical outlier removal filter
was applied (Section 5.5.4). Euclidean clustering (Section 5.6.1) was applied to PC; and PC,, the
biggest cluster from each point cloud was considered (Figure 5.8).

(b)

(d)

Figure 5.8 (a) Front, (b) left, (c) back, and (d) right views of a reference point cloud frame (white) and

current point cloud frame segmented into non-moving leg points (red) and moving leg (yellow)

5.7 Foot Tracking

Foot tracking was achieved from point cloud data by fitting a box with average foot
dimensions around each foot, in each frame. The foot’s bottom plane was calculated and used to
define bounding box rotation and position. The foot’s heel and toe points were based on the

walking direction.

5.7.1 Foot Dimensions

Using Algorithm Il (Table 5-2), for a valid frame, the volume of points in 12 slices were
calculated. The volumes of these 12 slices were median filtered with filter size=3 and filter stride

length=1 (first and last elements were untouched).
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The cut-off slice (i.e., slice defining top of foot) was defined by identifying the slice with the
maximum volume (VJ;&) and then scanning upwards to find the slice with volume less than 60
percent of V}%%. The points below this cut-off slice define the foot. An OBB was calculated
around these points (Table 5-1, Algorithm 1) and OBB dimensions were foot length (f;), foot
width (f;,), and foot height (f;,). These dimensions were found for forty frames, values of each

dimension were sorted and the center 20 elements were averaged.

5.7.2  Foot Oriented Bounding Box

The foot’s bottom plane was found using Algorithm IV (Table 5-4). Points above this plane

within the distance f;, were considered to belong to foot point cloud (PCs,,.) and points between

0.1 times f;, and 0.9 times f;, were segmented as the center foot’s point cloud (PCfﬁ}}fer).

Algorithm 1V set the foot bottom plane (Table 5-4). In this algorithm, foot corners points were
defined and the best plane with these corner points was calculated.

Table 5-4 Algorithm IV: Foot bottom plane

Step Methodology

1 Apply Algorithm I to a leg point cloud (PC;) and align the outputs at origin (chl”g“), oBB
position (POSypg), rotation (Rypg), length (1), width (w), and height (k).

From an OBB hottom corner around PC2™9™ five sub-boxes with length (1/4), width (w), and
5 height (h/10) are taken. The two outer bottom corner points of first sub-box from the bottom,
with a minimum of 50 points, are transformed using POS,zp and Rypg. These transformed points
(p92588) are the foot OBB corners.

3 Repeat step 2 for the foot’s other side.

From a point p25B, the centroid of thirty closest points in PC;is considered the foot bottom point
(fp)- Repeat to find all the four bottom points on the foot.

Using these four f; points, four plane equations are obtained by taking different combinations of
5 three points and distance from the fourth point to the plane is calculated. The plane with the
smallest distance from the fourth point is the “Best Plane”.

Points within 5mm above the best plane are fitted to a RANSAC plane model [106] and the
output considered as foot’s bottom plane.
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Pclfggf” points were projected onto the foot’s bottom plane and then Algorithm I was partially

applied (Table 5-1, until step 6) since it was not possible to find four bottom corners for the

projected points on the plane using the method described. OBB rotation around the foot (Rgg‘;t =

REUL) was obtained with dimensions (x/ %%, y229, z22%%). Then OBB dimensions mapped with

average foot dimensions as the minimum of x/%%¢, y/2%, z79°" were replaced with f;,, maximum

with f;, and the remaining dimension with f£,,,.

The foot’s OBB position (POS2%) was the centroid of PCpyor. Position (POSL2SY), rotation

(R129%), and dimensions (x}2%, y/2o¢, z2°F) were used to locate a box around the foot.

5.7.3  Heel and Toe Segmentation

The point cloud data was transformed using a translation of 5000mm in x-axis and y-axis
such that the walking pathway was always in the positive xy-plane. This reduced the complexity
of further processing and understanding.

Left and right leg segmentation was based on the walking direction, calculated using OBB
centroid trajectory. When walking towards the origin along a pathway parallel to the y-axis, the
leg closer to the y-axis was the right leg and the other leg was labelled as left. Opposite leg

classification was applied when walking away from the origin.

For each foot OBB, the center point (p5%5) of front two bottom corners and the center point
(pheel) of back two bottom corners were calculated using Algorithm V (Table 5-5) These points

were considered as the toe and heel, respectively (Figure 5.9).
5.8 Validation

The foot tracking algorithm was validated by comparing gold standard Vicon system
output with the marker-less smart hallway system. Volunteer walking trials were captured
simultaneously with both the systems and post-processing filters were applied. This section

describes the data collection protocol and post-processing processes.

Algorithm V segmented heel and toe for each foot (Table 5-5). The centroid of two back bottom
corners of foot OBB was the heel and centroid of two front bottom corners was the toe.
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Table 5-5 Algorithm V: Heel and toe segmentation

Step

Methodology

Calculate OBB centroid (5, cJB?, c25P).

Identify OBB four front corners and four back corners.

y — axis value < c{??; walking towards

OBB.

front corner { ) )
y — axis value > ¢;°"; walking away

— axis value > cy?%; walking towards

OBB.

y
back corner ) )
y — axis value < ¢,°"; walking away

Calculate centroid of front corners (fc?®B, fc)B, fc2PB) and  back  corners
(bc2BB, begBE, beJBE).

From front corners, front left and front right corners are:

x — axis value > fc2B5; walking towards

OBB.

front left
romie { x — axis value < fcy”?; walking away

x — axis value < fc2B5; walking towards

OBB.

front right
rontng { x — axis value > fc;/?; walking away

From back corners, back left and back right corners are:

x — axis value > bc?BB; walking towards

OBB.

back left ) :
x — axis value < bcy””; walking away

x — axis value < bc?BB; walking towards

OBB.

back right
ackris { x — axis value > bc, " ; walking away

For front, the front left bottom corner has a lower z-axis value and the other is the front left top
corner. The same logic is applied to front right corners, back left corners, and back right corners.

Calculate foot length, width, and height and validated with average foot dimensions (f, fu, fi)-

[Ifront left bottom — back left bottom||

footlength = { ||front left top — back left bottom||

||front left bottom — front right bottom||

foot width = { ||Ifront left top — front right top||

||front right bottom — front right top||

foot height = { |Iback left bottom — back left topl|

OBB toe point is the center of front bottom two points (p°¢.,) and heel point is the center of back

OBB
bottom two points (phecl).
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Figure 5.9 (a) Front, (b) left, (c) back, and (d) right views of a point cloud frame with heel and toe
segmentation (right heel — green, right toe — magenta, left heel — blue, left toe — cyan)

5.8.1 Protocol

Twenty-two able-bodied volunteers were recruited from students and staff at the University
of Ottawa. After informed consent, reflective markers were attached to the participant's lower
body (Figure 5.10) and then the participant walked 12 times along a walkway with a 1.5m
capture zone. Data were captured simultaneously with a 13 cameras Vicon system at 100Hz [107]
and the new marker-less system at approximately 60Hz. This protocol was approved by the
Research Ethics Board at the University of Ottawa [108].

5.8.2  Post-processing
3D positions of left toe, left heel, right toe, and right heel markers were reconstructed using
Vicon Nexus software [109]. Gaps in the trial data were filled using cubic spline interpolation

and then filtered using a 4th order dual-pass Butterworth lowpass filter with 20Hz cut-off

frequency.
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(@) (b)

Figure 5.10 (a) Front and (b) back views of a participant with reflective markers

Marker-less point cloud data were constructed from the depth images, then 3D locations of toes
and heels were tracked. Left toe, left heel, right toe, and right heel were processed independently.
Data outliers were statistically filtered, with values two standard deviations or more from the
mean removed. Based on time stamp information, trajectory gaps were filled using cubic spline

interpolation.

Since the capture time between frames was inconsistent, cubic spline interpolation used to re-
sample the data to 60Hz. This re-sampled data was low pass filtered using 4th order dual-pass
Butterworth filter with a cut-off frequency of 12Hz. Using cubic spline interpolation, the low

pass filtered data was then re-sampled gain to the originally captured time stamps.

Human Stride Analysis Using Marker-less 3D Depth Sensors 56



Chapter 5 Foot Tracking and Stride Analysis

5.9 Stride Parameters

This section describes the stride parameters used with both Vicon and marker less
systems. The stride parameters were calculated by finding the foot events from the segmented

heel and toe points obtained from the foot-tracking algorithm.

Foot events such as foot strike (FS) and foot-off (FO) were identified to calculate the stride
parameters. The vertical dimension (z-axis) in the foot tracking data was used to identify FS and
FO frames [110].

5.9.1 Foot Events
5.9.1.1 Vicon

Peak vertical values in swing phase were detected for heel (Figure 5.11) and toe
(Figure 5.12) markers. These peaks were based on the zero cross over from positive to negative
in the vertical velocity, then a peak value greater than 75 percent of maximum vertical value

condition was applied.

Vicon system's FS events
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Figure 5.11 FS events from the Vicon heel marker’s vertical values

Between two peaks, FS and FO should only occur once. Zero crossovers from negative to

positive in the vertical velocity were concave shaped dips in the vertical displacement graph.
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These concave dips within the bottom 20 percent of vertical range were identified. The minimum
dip between the two peaks in heel data was the FS frame (Figure 5.11). The minimum dip for toe
data was the FO frame (Figure 5.12).

Additional conditions were applied to the minimum concave dips before the first peak and after
the last peak. The minimum concave dip before the first peak with a distance (in frames) less
than 50 percent of frame length between the first two heel peaks was ignored, and greater than 50
percent in the toe data was ignored. Similarly, the number of frames between the last peak and
the minimum concave dip after the last peak must be less than 50 percent of frame length

between the last two peaks for heel data and greater than 50 percent for toe data.

Vicon systems's FO events
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Figure 5.12 FO events from the Vicon toe marker’s vertical values

5.9.1.2 Marker-less

Vertical data from the Marker-less system was not as smooth as the Vicon data. Foot event

frames were initially estimated using AP (y-axis) data, then finalized based on the vertical data.

The frame where foot reached a stationary state in AP heel position was considered the FS frame
(Figure 5.13). This FS frame was adjusted since vertical heel movements may occur after AP
movements halt; therefore, the closest concave dip within the next five frames in vertical data

was considered FS (Figure 5.14). The initial frame was used if no concave dip occurred.
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Similarly, the FO frame was initially defined as the frame where AP toe position changed
(Figure 5.15). The previous five frames of vertical toe position was then examined for a concave
dip, with FO adjusted to the concave dip frame (Figure 5.16). This method is detailed in
Algorithm VI (Table 5-6)

Marker-less system's FS events
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Figure 5.13 FS events in marker-less system’s AP heel data
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Figure 5.14 FS events in marker-less system’s vertical heel data

Algorithm VI identified FS and FO events using AP and vertical data (Table 5-6). Foot
movement in the AP position data was used to find FS and FO events, then the FS and FO events

were adjusted using the closest concave dips in vertical data.
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Table 5-6 Algorithm VI: Foot events identification in the marker-less data

Step Methodology
1| Create a binary version of arrays for AP heel data (B2¢¢") and AP toe data (B%%¢). For AP data
(D) with N frames, the it" frame in binary version (B) is calculated as
1,|DG) - D@+ 1) >20andi <N
B(i)=11,|D(i)— D@ —1)| >20andi=N
0, else
2 Median filter binary arrays with filter size = 3 and filter stride = 1.
3 In the sequence of binary heel frames, the transition frame from high to low with at least three
high-valued frames and two low-valued frames is the FS frame.
4 The closest zero cross-over frame from negative to positive in the heel’s vertical velocity within
the next five frames after the initial FS frame was used to adjust the FS frame.
S In the sequence of binary toe frames, the transition frame from low to high with at least three
low-valued frames and two high-valued frames is the FO frame.
6

The closest zero cross over frame from negative to positive in the toe’s vertical velocity within
the before five frames of initial FO frame is used to adjust the FO frame.

Marker-less systems's FO events
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Figure 5.15 FO events in marker-less system’s AP toe data
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Marker-less systems's FO events
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Figure 5.16 FO events in marker-less system’s vertical toe data

Left Foot Strike (LFS), Left Foot-Off (LFO), Right Foot Strike (RFS), and Right Foot-off (RFO)
were validated according to the normal gait cycle event sequence (i.e., after LFO, the expected
next event is LFS and then RFO). If multiple LFS events are identified before RFO, the closest
to the RFO event was considered. If no LFS event was identified between LFO and RFO, then

the events were ignored.

5.9.2 Parameters

The stride parameters in this research were from one gait cycle (Table 5-7). Primary
parameters were directly obtained from the tracking data and the derived parameters were
calculated from the primary parameters.

Foot events from Vicon and marker-less systems were synced based on foot position of first

common foot event in the marker-less system.

Stride parameters from the both systems were compared and analyzed. For 'n’ samples, with it"
sample represented as x;, the mean (u) and standard deviation (o) were calculated using (5.10)
and (5.11), respectively. For a parameter, with value 'v' from the Vicon system and value 'm’

from marker-less system, the sample error (e) was calculated using (5.12).
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Table 5-7 Stride parameters in a normal gait cycle

Parameter
Left stride length

Right stride length

Left stride time

Right stride time

Left stride speed ¢

Right stride speed ¢

Left step length

Left step width

Left step time

Right step length

Right step width

Right step time

Left cadence®

Right cadence ¢

Left stance time

Left swing time

Left stance to swing ratio®
Right stance to swing ratio®
Left double support time
Right double support time

Left foot angle

Right foot angle

Left foot max. velocity
Right foot max. velocity
Left foot clearance

Right foot clearance
dDerived stride parameters

Definition

Distance covered by the left heel between two consecutive LFS along the
sagittal plane (line of progression, y — axis)

Sagittal distance covered by the right heel between two consecutive RFS
Time between two consecutive LFS

Time between two consecutive RFS

Left stride length / Left stride time

Right stride length / Right stride time

Sagittal distance between right and left heels at LFS

Frontal distance ( x — axis) between right and left heels at LFS
Time between RFS and LFS

Sagittal distance between left and right heels at RFS

Frontal distance between left and right heels at RFS

Time between LFS and RFS

Left steps per minute

Right steps per minute

Time between LFS and LFO

Time between LFO and LFS

Left stance time / Left swing time

Right stance time / Right swing time

Time between LFS and RFO

Time between RFS and LFO

Angle of left foot midline with sagittal plane when the left foot is entirely
in contact with the floor.

Angle of right foot midline with sagittal when the right foot is entirely in
contact with the floor.

Maximum left foot velocity during the left swing phase (LFO to LFS)
Maximum right foot velocity during the right swing phase (RFO to RFS)
Minimum vertical distance of left foot during mid-swing

Minimum vertical distance of right foot during its mid-swing
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n
—12 5.10)
”_n_ Xi (5.

yo |[EmGi—w* (5.11)
n
e=v—m (5.12)

For each primary stride parameter, p and o of error values were calculated. Values farther than
two o from the pu were categorized as outliers and removed from the analysis. Primary stride

parameter inliers were used to calculate derived stride parameters.

For a stride parameter with N samples (inliers), i*"* Vicon’s sample 'v;’, i*marker-less system’s
sample 'm;’, the mean error (e,), error’s standard deviation (e,), absolute mean error (ey,)),
minimum error (e,,;,), maximum error (e,,.,), Pearson coefficient (r), and the percentage of

inliers (Io,) were calculated (Table 5-8).

1 N
e, = NZ v — m (5.13)
i=1
2 [ =, — 2
ey = [T 6 (5.14)
1 N
e = NZIUL- —m (5.15)
i=1

inliers count

Io, X 100 (5.16)

inliers count + outliers count
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5.9.3 Results

From Table 5-8, this novel marker-less system showed minimal mean absolute errors for
the majority of stride parameters, compared with the Vicon system. For all parameters, inliers
were greater than 90% (rounded-off). Most outliers were due to false detection of foot events

because of insufficient capturing volume and noisy data.

The foot tracking algorithm was based on the fixed size OBB and foot bottom plane. This foot
orientation definition counteracted AP noise to some extent. Average absolute errors were
greater in ML dependent stride parameters such as step width and foot angle. The mean and
absolute error values for step length and step time were within the MDC for older people (step
length MDCgs = 47mm, step time MDCgs = 47mm). However, step width was slightly greater
than MDC (left step width mean error = 24.15mm, left step width absolute error = 29.86mm,
right step width mean error = 27.42mm, right step width absolute mean error = 32.27mm, step
width for older people MDCgs = 42ms) [71]. The best Pearson correlation coefficient was for
stride speed (r = 0.98) and lower values were obtained for left foot angle (r = 0.08) and left

foot clearance (r = 0.18).

To the best of our knowledge, this work is the first-time foot clearance has been measured with
marker-less depth sensors. The maximum absolute mean error of 1.25cm was observed for right
foot clearance. With a marker-less system frame rate at approximately 60fps, all temporal stride
parameters were accurate within 30ms absolute mean error. Errors in spatial stride parameters
were due to “floor-plane to foot plantar surface” noise generated in the depth images during foot

contact phases.
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Table 5-8 Stride parameters comparison between the marker-less system and the Vicon system

Vicon

Marker-less

Error

_ Inliers
Parameter (units eabs ; I
W Wi wte) | ke | Cmm e T e T
(sg/ug)e speed 1064011 | 105+011 | 0012+002 | 0018 | -003 | 007 | 098 - -
Stride length (m) | 1.29+0.09 | 128+009 | 00124003 | 0023 | -0.05 | 012 | 095| 90 | 97.8
Stride time (s) 1.22+0.09 1.23£01 | -0.002£004 | 0027 | -01 | 011 | 093 | 87 | 945
Cadence
(ctops/min) 100.95+85 | 100.79+9.29 | 0.159+535 | 4.043 | -22.22 | 1548 | 0.82 | - -
Step length (cm) | 66.32+514 | 66.07+552 | 0247+245 | 1825 | -1346 | 893 | 09 | 207 | 92
Step width (cm) | 9.65 +4.06 724144 2415264 | 2986 | 528 | 874 | 081 | 213 | 946
Step time (s) 0.6 £0.05 06+006 | -0.002+0.03 | 0.024 -0.1 01 |08 221 | 982
| Stancetime(s) | 0784007 | 079+008 | -0008:003 | 0024 | -0.1 | 007 | 092 | 18 | 978
Swing time (s) 042+004 | 043+004 | -0.003+0.03 | 0.026 | -008 | 008 | 06 | 173 | 96.6
Stance toswing |4 g5 4 g 14 1.9+0.22 -0.031+021 | 0172 | -067 | 038 | 041 | - -
ratio (NA)
Efr’]‘;b(':) SUPPOTt 1 5174+003 | 018+0.04 | -0.004+003 | 0027 -011 | 01 | 053 | 248 | 984
Foot angle (°) 834+514 | 112+063 | 7.209%513 | 7.256 | -1.22 | 19.14 | 0.08 | 176 | 936
Foot max.
velocity(m/s) 371+031 | 3.88+037 | -0.163+028 | 0247 | -1.01 | 045 | 066 | 171 | 955
(Fcorg; clearance 264062 | 199+136 | 0605+139 | 1224 | -419 | 307 | 018 | 113 | 934
(Sr;r/'g)e speed 1.1+0.12 1.09+012 | 0006002 | 0017 | 006 | -0.04 | 098 - -
Stride length (m) | 1.29+0.1 1.29+0.1 0.001£0.02 | 0017 | 006 | -004 | 097 | 79 | 963
Stride time (s) 1194009 | 1.19%009 | -0.007+003 | 0.025 008 | -0.07 | 095 | 77 | 939
Cadence 99.44+755 | 99.28+7.95 | 0157+468 | 3.678 | 127 | -12.72 | 082 | - -
(steps/min)
Step length (cm) | 64.8+4.96 | 6442+541 | 03767+219 | 1722 | 825 | -882 | 091 | 177 | 89.8
Step width (cm) | 9.54 +3.76 6.8+43 27424275 | 3227 | 886 | -519 | 077 | 185 | 939
Step time (s) 061+005 | 061+005 | -0.001+003 | 0023 | 01 | -0.08 | 0.8 | 193 | 97.9
5| Stancetime.(s) | 0.77£007 | 078+008 | -0.009+0.03 | 0025 008 | -0.1 | 092 | 206 | 985
o
Swing time. (s) | 043+0.03 | 042+004 | 0003+003 | 0023 | 008 | -0.06 | 069 141 | 94.6
Stance to swing
time (NA) 1.82+013 | 185+018 | -0.027+015 | 0127 | 038 | -0.36 | 056 | - -
Erf]‘;b('se) SUPPOTt 10174003 | 017£005 | -0.002+004 | 0027 | 01 | -016 | 0.65 | 245 | 996
Foot angle (°) 905+571 | 114+058 | 7.915+¢562 | 7.935 | 2121 | -092 | 02 | 201 | 96.2
Foot max. 3674028 | 383:036 | -0155%025 | 0204 | 032 | -107 | 073 | 139 | 933
velocity (m/s)
(Fcorg; clearance | ,egi062 | 21+144 | 0572£135 | 1251 | 326 | -335 | 036 | 102 | 962
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5.10 Conclusion

In this research, we proposed a smart hallway using depth sensors for foot tracking and
stride parameter analysis. With six temporally and spatially synchronized Intel RealSense D415
depth sensors, depth data were successfully background-subtracted and merged to form a walking
human’s point cloud time series. The point cloud was then effectively segmented into left and
right foot point clouds. A bounding box was fitted around the foot in each leg’s point cloud data.
The bounding box around the foot in each frame enabled foot tracking, and stride parameter
calculation. Stride parameters obtained from this newly developed marker-less system were

comparable with gold standard Vicon system output.

The marker-less system had promising results with accurate temporal stride parameters and
minimal errors in spatial stride parameters. Step width accuracy needs to improve and poor foot
angle accuracy was observed due to noise around the foot as it approaches the floor plane. Since
foot clearance error was greater than 1cm, and foot clearance varying between 2 and 3.2 cm, this

error would need to be reduced to provide usable results for clinical decision-making.

Unlike the machine learning based skeleton tracking systems, our proposed system’s foot
tracking never moves outside the foot and also captures data at approximately 60fps. This system
could monitor a large number of people for long hours with no preparation time (no sensors

attached to the body), without any discomfort, and without expert intervention.
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This thesis work aimed to design and evaluate innovative marker-less foot tracking system
with six Intel RealSense D415 depth sensors for use in institutional hallways. The hallway setup
was based on a novel 3D animation technique developed to quantify the percentage of visibility
of the human foot during gait. An important contribution was developing a novel foot tracking
algorithm by fitting a bounding box to the foot’s point cloud, and then validating it by comparing
the walking stride parameters from a cohort of able-bodied participants with results from a gold
standard Vicon system. This foot tracking system captured data close to 60fps. Spatial stride
parameter errors were due to medial-lateral noise generated from the depth sensors around the

foot. The following objectives and results were defined and obtained in this thesis:
Objectivel: Find an appropriate depth sensor for motion capturing in an institutional hallway.

After literature and market surveys, three depth-sensing technologies were evaluated: Microsoft
Kinect V2 (Time-of-flight), Orbbec Astra Pro (Structured Light), and Intel RealSense D415
(Stereoscopic). The Intel RealSense D415 depth sensor was suitable for this Smart Hallway
application since it showed no interference when multiple sensors were used together and also

captured high-resolution depth images of 848 x 480 at 60fps.

Objective2: Design the physical setup with multiple depth sensors in a hallway scenario and

synchronize all the depth sensors.

A 3D animation of human walking through an institutional hallway was designed, and different
setups with virtual depth sensors were simulated. At each instance, four sensors from the
diagonal corners of a person captured the foot surface. Based on the simulation results, a hallway
scenario with six sensors setup was created. The six sensors were frame by frame time-
synchronized using a server-client approach, and a chessboard based calibration was used for

spatial synchronization.
Objective3: Develop an algorithm to track human foot in the 3D point cloud data.

A novel foot tracking algorithm was developed which combined 3D point cloud data obtained
from six Intel RealSense D415 sensors. The left and right legs were segmented in the point cloud

data, and then for each leg, foot tracking was achieved by fitting a box to the foot, with the base

Human Stride Analysis Using Marker-less 3D Depth Sensors 67



Chapter 6 Thesis Conclusions and Future Work

of box on the bottom plane of the foot.

Objectived: Validate the foot tracking algorithm by calculating and comparing the stride

parameters with a gold standard Vicon system.

The novel foot tracking algorithm developed in this thesis was applied to the walking data
collected from the twenty-two volunteers. Stride parameters were compared between the
proposed marker-less system and marker-based Vicon system. The mean differences between
systems were less than 10ms for temporal stride parameters. Errors were observed in step width

and foot angle due to noise in the medial-lateral direction.

6.1 Future Work
6.1.1  Robustness

The current foot tracking algorithm was tested with a regular walking style, with
participants walking naturally at a comfortable speed (mean walking speed of 1.08 m/s).
Different walking speeds ranging from slow walking (0.5 m/s) to fast walking (1.6 m/s) could be
evaluated [72]. The robustness of this novel foot tracking algorithm could be validated by testing
on different walking styles such as fore-foot, flat foot, toe inwards, and toe outwards walking,

representing a range of pathological walking styles.

6.1.2  Full Body Gait Analysis

The current physical setup was designed to capture a person’s lower leg because of the
trade-off between depth sensors range and accuracy. The capture volume could be extended to

capture the whole body by using more depth sensors, enabling full-body gait analysis.

6.1.3 GPU and Parallel Computing

The source code for time-synchronized data capturing (depth and color images) was multi-
threaded, and construction of combined point clouds from the six camera depth images at each
instance was implemented in a serial fashion using a CPU. Construction and processing of point
clouds with thousands of 3D points required high computing time. Parallel computing and GPUs

with capability to process massive data sets will help achieve near real-time full body analysis.
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6.1.4 Hardware

Time synchronization was achieved by using a server-client software approach over
Ethernet. Recently, Intel released hardware sync for the RealSense D415 [111]. Hardware
synchronization of multiple sensors with physical cables saves computation time and
computation power. One board computer with Power over Ethernet (POE) could process data
from at least two depth sensors and post-process the images locally, reducing overall system

computation time and complexity.

6.1.5 Calibration Tool

The spatial calibration could be made efficient by auto-calibrating all the sensors based on
the consistent features in a hallway such as wall planes, floor plane, edges, etc. The calibration
method could be made user-friendly by providing feedback to the user about the quality of the

calibration, or indication when the calibration is off and recalibration is needed.

6.1.6  Advanced Point Cloud Noise Filtering

In the current foot tracking algorithm, errors were due to noise around the foot, especially
during foot strike and foot off phases. Point cloud filters such as statistical outlier removal,
moving least squares smoothing, and voxel grid filters were used. However, these traditional
filters were not able to fully remove the randomly generated noise. Advanced noise filtering
algorithms based on human body shape estimation or machine learning based filters could

achieve clean point cloud data and more accurate results.

6.1.7  Textured Point Clouds

Color textured point cloud data has the possibility for integrating many features with gait
analysis. A Smart Hallway can be built with facial recognition for patient identification, full-body
gait analysis for monitoring mobility changes, fall risk estimation, and monitoring progression of
nervous system disorders that affects mobility. From facial analysis, respiratory rate, heart rate,
emotion detection, smoking effects, and fat percentage could be monitored. With the marker-less
Smart Hallway approach, patients or long-term-care residents could be diagnosed regularly
without any discomfort and also without external supervision. This approach could potentially be

revolutionary in future long-term care, health care, and rehabilitation facilities.
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