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Abstract

In the elderly population, falls are one of the major causes of injuries. Fall detection algorithms
for wearable devices in the literature were found to focus on differentiating Activities of Daily
Living (ADL) from falls, rather than on early fall detection and prevention before impact.
This thesis work was aimed at providing accurate estimates of human motion parameters like
translational velocities of the center of mass, so as to aid early fall detection algorithms in
the future. An algorithm which fuses visual and inertial data obtained from a sensor setup
consisting of a pair of cameras and an Inertial Measurement Unit (IMU) was developed. An
Extended Kalman Filter (EKF) framework was used for sensor data fusion. A neural network
was trained to map motions of interesting points or features obtained from image processing,
to actual motion of the sensor setup attached to the hip of a person. This neural network
provided the correction term to the EKF in the form of 3 dimensional(3D) translational
velocities which is an important motion parameter for the detection of falls. First, this
algorithm was trained and tested for hand-held sensor setup motions. Acceptable velocity
tracking was observed for slow motions. Then the algorithm was trained and tested on motions
of a test subject. The accuracy of estimation of 3D translation velocities and in particular
the vertical component of the 3D velocity was studied for two distinct sets of activities or
motions namely the walking motion and the sitting down/standing up motion. It is shown
that the combination of the EKF and the neural network is capable of reacting and tracking
the velocities for the sitting down/standing up motion.
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“You never change things by fighting the existing reality. To change something,
build a new model that makes the existing model obsolete.”

— R. Buckminster Fuller






Chapter 1

Introduction

Wearable health monitoring devices are expected to revolutionize the healthcare industry.
There have been many devices like the Fitbit Blaze watch [1] and Jawbone [2] which can
monitor a person’s heartbeat, and activity levels. In this era of growing wireless sensor tech-
nology and big data processing, one of the major health issues which is still being researched
upon is the timely detection of falls and prevention of impacts from fall events. Early fall
detection is a very important problem, more so for the elderly population. The study in [3]
states that adults over 65 years of age have suffered the most number of fatal falls. Another
report by the the World Health Organization(WHO) [4] states that at least 28-35% of the
elderly people above the age of 65, experience at least one fall per year. The early detection of
falls is a challenging problem primarily due to the similarity in motions of daily life activities
and motions that lead to a fall. For example, the motions of slowly slumping onto a chair
and the motions at the initial stages of a slow fall are very similar. This gives rise to false
positives in early fall detection. To reduce the false positives, it is intended to study motion
parameters of the center of mass like translational velocities, height above the ground, and
orientation change.

This thesis works towards the goal of developing an algorithm, capable of providing these
motion parameters in real time using a low cost sensor setup and requiring minimal computing
power. This algorithm will be a base for further motion analysis. If the algorithm can provide
reliable estimates of motion parameters, then with further analysis, it would possible to
easily distinguish between motions of Activities of Daily Living (ADL) and motions leading
to falls. Early detection of the motions leading to falls can be used to deploy an impact
reducing or preventing countermeasure like an airbag. This countermeasure will reduce or
prevent any injury due to the impact of falls. This could in turn reduce the degradation of
mobility of the elderly and also reduce healthcare costs. An Inertial Measurement Unit (IMU)
and a stereo camera setup as shown in 1-1 are used in this thesis. An Extended Kalman
Filter (EKF) framework is used to fuse data from the IMU with the data obtained from
the stereo camera setup. This thesis will look into the implementation concepts of vision
based motion estimation or visual odometry, sensor fusion and applying these concepts for
estimating human motions.
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2 Introduction

Sensing Unit

Cameras

Figure 1-1: Schematic of the proposed sensing system. The camera(s) and IMU are attached to
the body of the person using a belt. (Human silhouette source:[5])

1-1 Wearable Device Fall Detection Algorithms in Literature

Previous works on fall detection using wearable sensors have focussed primarily on two
methodologies. The first involves thresholding quantities based on raw acceleration values
obtained from the IMU. One such example of a popular quantity is the sum vector(SV)

defined as SV = (/A2 + A2 + A2 where A, Ay, A, are the raw acceleration values about the

X,Y and Z axes obtained from the IMU. The authors of [6], studied and compared the
performance of a few popular thresholding based algorithms on data from real fall events.
The accuracy of detection of falls by the algorithms compared in [6] varied from 13% to 96%
when tested with data obtained from real falls . Additionally, the study in [7] obtained higher
sensitivity of fall detection for the case where the IMU was strapped on to the waist when
compared to the cases where the IMU was attached to the head and the wrist. The main
advantage of these thresholding based algorithms was that they could be implemented easily
on due to their low computational costs.

The second methodology involved using supervised machine learning techniques such as k-nn
classifier, bayesian classifier and neural network classifier. The studies in [8] and [9], presented
and compared performance of the above mentioned classifiers in distinguishing normal ADL
from falls. Features used train the classifiers were typically Fourier transform peaks, wavelet
transform coefficients that were extracted based on a sliding window of SV of accelerations.
The accuracy obtained for all the methods ranged from 88% to 90% with the neural network
giving the highest accuracy. The computation time of these algorithms can be expected to
be higher when compared with the thresholding based algorithms.

The major disadvantage of the above discussed methodologies and algorithms studied in the
literature is that, they do not focus on early detection of fall but rather on distinguishing of
the fall from ADL. It was also concluded that the majority of the algorithms that depended
purely on IMU data, relied on the sudden change in orientation and increase in acceleration
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Figure 1-2: Common Pattern of SV during the Fall.(Source: [6])
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Figure 1-3: Representative diagram of the 3D coordinate axis used in the thesis. The X and Y
axes form the horizontal plane and the Z axis constitutes the vertical axis facing upwards. The
positive X axis typically faces forward in the direction of vision of the person. W is the origin of
the World coordinate frame and it is situated on the ground in the experiments conducted in the
thesis. All the measurements are either expressed or transformed to this world coordinate frame.

due to impact of the fall. This in turn led to very little or no time being available to deploy
any impact preventing counter measure. Hence these algorithms were not suitable for early
fall detection. Furthermore, very scant information is available in the literature about the
real time performance of these algorithms, as most of the results have been based on offline
performance evaluation.

It is believed that to detect falls early analysis on more human motion parameters is needed.
In particular translational velocities are very important in determining how the person is
moving between two time instances. The vertical component of the velocity(along the Z axis)
is the most important of the three components as it gives us an idea of how quickly the person
in descending to the ground. Determining translational velocities and the height of the center
of mass above the ground can greatly help in reducing false positives as well. To obtain
reliable estimates of motion parameters, we need a an algorithm which tracks or observes
human motion. Although, relying on IMU alone, will not provide us with accurate estimates
of frame-to-frame motions or velocities. It is proposed to use a pair of cameras or a stereo
camera setup along with the IMU. An image processing module will perform operations on
the images from the the stereo camera setup. Data from the IMU and the image processing
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4 Introduction

module will be fused using a sensor data fusion algorithm. The next session briefly explains
the need for sensor fusion and various frameworks that perform sensor fusion.

1-2 Sensor Data Fusion Frameworks for Motion Estimation

As mentioned earlier, obtaining translational velocities of the center of mass of a person
using just IMU data is difficult. Integrating accelerations and simple low pass or band pass
filtering leads to accumulation of drift. Omne can only expect to obtain good estimates of
orientation alone by using only IMU measurements and filters like Kalman, or complementary
filters. Whereas for our application, accurate estimates of translational velocities are required.
Similarly, relying on information on image processing alone has its own set of disadvantages.
The vision system has a inherent weakness towards tracking pure rotations. Furthermore
the motion estimates which can be obtained from the vision system are affected by noise as
well. It is for this reason that the majority of the researches use sensor fusion tools such as
Kalman filters and particle filters for simultaneous localization and mapping of robots and
visual inertial sensor fusion. Their aim is to obtain accurate estimates of position and velocity
by combining data from multiple sensors.

Human motions are non-linear in nature and cannot be easily generalised. The data obtained
from vision sensors and the IMU are non-linear in nature as well. There are three popular
frameworks or tools which are used for fusing visual and inertial data and estimating non-
linear motion. They are the EKF, Unscented Kalman Filter(UKF) and particle filters. As
mentioned earlier, in this thesis we aim to develop an real time computationally efficient
algorithm. The algorithm must be capable of giving estimates at a high frame rate as we
intend on detecting the falls early. Furthermore, we can expect more computations after
the estimates of velocities has been obtained from the sensor fusion algorithm. Hence, it
is necessary to have an algorithm which has very low computation time as well. Based
on this necessity, we compared the performance of the above mentioned three tools in the
literature. Many studies including the the ones in [10] and [11] have found that the EKF
has the lowest computation time of the three mentioned filters. Although, the downside to
the lower computation time of the EKF is its slightly lower accuracy when compared with
particle filters or UKF. In spite of this downside, EKF is the most popular of the three for
visual inertial sensor data fusion.

There has been an increasing interest in visual inertial sensor fusion in recent times due
to advancement in hardware and easy availability of the sensors and the software platform
required to process data in the form of smart phones. Many open source sensor fusion
algorithms based on EKF like [12], [13] and [14] exist. Typically these algorithms were
developed for deployment on quadcopters and wheeled robots. The algorithm in [15] was
tested with setup consisting of the camera and IMU strapped on to a helmet on the head
of the person. The algorithm presented accuracy in terms of drift from loop closure and the
drift was found to be about 1.01% for walking motions.

In spite of the plethora of algorithms, very few have been explicitly tested on varying human
motions like walking, bending down to pick up objects and sitting down. No particular in-
vestigation has been done to see if the existing algorithms provide accurate frame-to-frame
motion information for different human motions. In this thesis we attempt to develop a com-
putationally efficient algorithm for the specific purpose of estimating motion while walking,
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1-3 General Flow of EKF Based Sensor Data Fusion Algorithms 5

sitting down and standing up. For this we will attempt to use all the possible data available
to us from the cameras and IMU. The EKF framework is chosen for the flexibility it offers in
fusing different data and its low computation cost. The thesis also uses a simple neural net-
work in the EKF framework to reduce the number of computations and this will be discussed
in later sections.

1-3 General Flow of EKF Based Sensor Data Fusion Algorithms

The figure 1-4 shows a general framework of the implementation of EKF for the purpose of
sensor fusion. Various EKF based algorithms in literature differ in their definition of predic-
tion models and state correction or measurement update methodologies. These differences
and the flow of data in the EKF will be discussed in this section. In this thesis the vectors
will be in bold italic font,the scalars in italics and the matrices will be in normal bold font.
The axis coordinates will also be written in italics.

1-3-1 IMU Based Prediction Models

For the purposes of prediction, standards kinematic equations of motions like the equations
below are used.

. 1
q= §Q(w)q
v=a

In the above equations q is the quaternion representing orientation of the body with respect
to the world coordinate system, v is the 3D velocity vector and p is the 3D position of the
body expressed in the world coordinate frame. a and w are the 3D accelerations and angular
velocities. Quaternion is commonly used to represent orientation and is preferred over the
roll, pitch and yaw angles due to the advantage of efficient computations when compared
with rotation matrices and FEuler angles and also the absence of the Gimbal lock problem.
The accelerations and angular velocities are obtained from the IMU, but some processing
is required. The accelerations need to be bias and gravity compensated, and the angular
velocities need to bias compensated.

Sensor fusion algorithms in literature also differ in how they define their states. The above
mentioned variables of quaternion, velocity and positions are staple in most of the algorithms.
Some algorithms like [16] and [17] add the bias of the accelerations and they gyroscopes as
states to be estimated. In [16], N previous IMU poses are also added to the state vector.

1-3-2 Image Processing Based Correction/Measurement Update
There are various correction methodologies used in the literature. Typically the outputs
from the image processing module, like feature pixel positions, pose or velocity of the camera

are used for correcting the IMU based state predictions. For example, the algorithm [16]
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Figure 1-4: General framework of EKF based visual inertial sensor data fusion algorithms
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Figure 1-5: General flow of vision based motion estimation. The parts of the algorithm enclosed
by the dashed rectangle will be replaced by a neural network.
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1-4 Motivation for Using Neural Networks 7

uses the pixel positions of features observed from different poses, whereas the algorithm [17]
uses velocity of camera motion obtained from optical flow estimation for correction. In [12],
the measurement update is based on the error in pixel intensities of the re-projected feature
points.

Processing of the images from one time instant to another also differs from one algorithm
to another. A very general framework of the processes involved in the image processing
module is shown in figure 1-5. The process of obtaining motion information from images is
termed as visual odometry. Typically images are obtained for two time instances k — 1 and
k. Interesting points or features are found in the images for tracking the points from one
frame to another. Once detected these features are matched and the motion of the pixel,
along with the calibration of the cameras, is used to obtain information on the motion of the
point. There are many feature detection and matching algorithms in the literature like the
Scale invariant feature detection (SIFT)[18], Speeded Up Robust Features (SURF) [19], Harris
corner [20], Binary Robust Invariant Scalable Keypoints (BRISK) [21], etc. In the literature
survey SURF and BRISK were found to be the most suitable as the computation needed for
detection and matching happens in real time, and these features provide accurate matching
in the presence of image blurs and sudden viewpoint changes as observed in the study [22].
BRISK was found to be computationally faster than SURF when tested in MATLAB but
finally SURF was used in the thesis, as it gave more number of features per frame in the
scene of where the experiments were carried out when compared to BRISK.

A stereo camera setup is used in this thesis which allows for obtaining the approximate 3D
position of a feature point with respect to the camera for every time instant without the need
for any motion unlike the case when monocular cameras are cameras are used. Based on the
3D motion of features and 2D pixel motion of the features in the images, an outlier rejection
using the popular Random Sampling and Consensus (RANSAC) is done to reduce the noise
in the motion estimation. Then, using the inliers, a motion transform 7' consisting of rotation
matrix R and translation vector ¢ is obtained by either estimating the essential matrix, or
by optimizing to reduce the error in the the feature/pixel positions as a result of a given
transformation T. Finally, if a feature has been observed from many different poses, then
a further optimization is done to correct for the poses based on feature pixel re-projection
error.

The optimization/iteration based motion transform estimation from the motion of features is
typically never completed in a constant amount of time. When very little features are present,
the accuracy of these algorithms using RANSAC decreases. Since we require a constant and
steady stream of motion parameter estimates to detect falls early, it is proposed to used a
pre-trained neural network to estimate frame-to-frame motion or motion transform between
two time instances, as a constant computation time can be expected from a neural network.
The next section explains in detail, the motivation behind using neural networks.

1-4 Motivation for Using Neural Networks

Consider a set of features F;,7 = 1,2,3,...N. Let the 3D coordinate of feature 7 in the k—1 and
k time instances respectively be X;;_1 and X;;. These 3D coordinates are usually expressed
in coordinate frame fixed on the observing camera at k — 1. Let the pixel coordinates of
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8 Introduction

feature F; be x;;_1 and x;; in the k£ and k — 1 time instances. Let the transformation of the
camera pose from the k — 1% instant to the k" instant be Ti—1,. In general, two methods
can be employed to obtain Tj_1 ;. If the 3D feature coordinates are available, as is the case
for every stereo image pair acquired, then an optimization with the following cost function;

arg min S|@g — Zir_1 | (1-2)
Tr_1,k

where &;;,_1 is the reprojection of the of the feature coordinate Xj;;_; transformed by Tj_; 1,
on the image at time instance k. The optimization can be performed with RANSAC to
eliminate outliers as well. The second method is to optimize the following cost function
involving only the 3D feature coordinates;

arg min X|| X, — kal,kXiklez (1-3)

Tr_1,k

The paper [23] states that the second of the two optimization methods mentioned above is
less advantageous, as noises in estimation of 3D coordinates of the features introduces high
uncertainty in the estimate of Tj_; ;. The noise is typically caused by camera calibration
which is used for estimating 3D coordinates of features in a stereo camera setup, using trian-
gulation. Nevertheless, estimation of the transform between two time instances, or the motion
between two time frames requires some form of iterative optimization or outlier rejection. As
mentioned earlier, a constant computation time for optimization based motion estimation
cannot be expected and sometimes the number of iterations may be too high and the process
consumes a lot of processing power. As shown in the figure 1-5, this thesis will attempt
to replace the epipolar matrix/transform estimation, RANSAC and optimization iterations,
with a neural network. A neural network which is trained using Levenberg-Marquardt back-
propagation, is a simple optimization to reduce the error between the predicted outputs and
the target outputs by varying the weights. This neural network attempts to replace the opti-
mization cost functions mentioned above by pre-learning the noises affecting the system and
the mapping between motion of features and the actual motion of the camera.

The typical noises affecting this estimation are the calibration noise introduced by modelling
the camera using the pinhole model, inaccuracies in feature pixel positions during the match-
ing process, inaccurate matchings and image blurs. Knowing this, is it possible for a system
to learn these noises, especially the feature matching and calibration noises and estimate the
motion parameters between two time frames, specifically the translational velocities, with
reasonable accuracy? Can these velocities be used for state correction in the EKF. This
brings us to the our research question.

How accurate is the estimation of translational velocities for human motions, if an
EKF framework is provided with correction updates from a pre-trained neural network
which maps image feature motions in the camera frame to actual motion of the camera
in the world frame?

The interest in using a neural network spawned from simple intuitive observations from real
life. For example, say we are observing a chair with our eyes. An average adult brain does
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1-5 Overall Framework of the Algorithm 9

not know the exact distance of the chair in meters with 100% certainty. What it knows is a
rough estimate, which it has learned from various forms of feedback, especially the feedback
obtained by moving towards the object. This learning is so advanced that even if we shut
one eye off, by moving towards the object, we have a rough idea as to how far the object
is or how far we need to walk to reach the object. This is the primary motivation behind
using neural networks in this thesis. It is hoped that if the correct inputs are provided from
the image processing module, then the neural network might be able to predict the motion
between frames.

1-5 Overall Framework of the Algorithm

The framework followed in this thesis will be explained in this section. A standard EKF
sensor fusion framework is slightly modified. A prediction model does prediction of motion
variable like orientation, velocity and position, based on sensor outputs from the IMU. The
state error is propagated through covariance matrix calculations similar to the standard EKF
framework. When images are obtained from the stereo camera system, stereo processing and
triangulation is done, followed be matching of features in the previous frame with the features
in the new frame. The information about the features like 3D motion and 2D pixel motions
are sent to the neural network which provides the correction term or measurement update
in terms of translational velocities. The overall flow of the algorithm is very similar to the
one in 1-4. The idea is to replace the computations required by optimization based motion
transform estimation, with the simple low complexity neural network.

The remainder of the thesis in arranged as follows;

e Chapter 2 describes the algorithm presented in the thesis for the purpose of human
motion estimation. The image processing module, structure and training of the neural
network and the EKF framework are discussed in detail.

e Chapter 3 discusses the results of the experiments conducted in this thesis.

e Chapter 4 presents the conclusions and limitations of the algorithm presented.
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Chapter 2

Neural Network Training and Filter
Development

In the previous chapter, the general frame work of the motion estimation algorithm was dis-
cussed. In this chapter, the details of the algorithm implemented in this thesis are presented.
The algorithm mainly involves using the neural network to generate correction values for the
states predicted by the Kalman predictor. An EKF based on a models presented in [16],
[17] and [24] is implemented. The sensor setup consists of two Logitech C920 cameras and
an Xsens MTi-X IMU. The cameras are capable of providing images at 30 Frames Per Sec-
ond (FPS). The raw accelerations, angular velocities and orientation quaternions are obtained
from the IMU at 100 Hz. Both cameras and IMU are fixed rigidly onto a steel plate. Qualisys
motion capture cameras are used for obtaining target data for the training of neural network
as well as ground truth data. No external hardware is used for syncing the data from the
sensor setup and Qualisys motion capture cameras. The sync between the stereo cameras and
IMU is achieved though software via the Robot Operating System(ROS). Data is collected
from the sensor setup and motion capture cameras and converted to a suitable format for
processing in MATLAB. The neural network is trained based on inputs from the image pro-
cessing module, IMU data and motion capture data from the Qualisys motion capture system.
The image processing module uses SURF feature detection and matching, triangulation and
Kanade Lucas Tomasi (KLT) optical flow algorithms from the MATLAB Computer Vision
toolbox [25]. The neural network is trained using the MATLAB Neural Network toolbox [26].
The first section of this chapter will discuss the coordinate systems and symbols used in the
thesis. This will be followed by the details on the neural network training algorithm. Finally
the EKF and the fusion of the neural network output with EKF will be discussed in detail.

2-1 Coordinate Systems and Symbols

Figure 2-1 depicts the important coordinate frames used in the algorithm. C represents the
frame fixed on the left camera of the sensor setup which consists of two cameras and an
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>Y

w
X

Figure 2-1: Coordinate frames used in this thesis. B is the frame fixed on the IMU and C'is the
frame fixed on the camera. The figure shows two time instances of the sensor setup represented
by the area shaded grey, observing a feature F'

X-Sens IMU. B represents the coordinate frame fixed on the IMU and W represents the
world coordinate frame system. There is fixed rigid transformation from the IMU frame B
to camera frame C' as the sensor setup is rigid and fixed. Consider two time instances k — 1
and k. C and C' represents the position of the frame fixed on the camera at the k — 1*" and
k" instant respectively. The same applies to the IMU fixed frames B and B’. The following
symbols represent the various transformations between the coordinate and time frames;

° Clq% represents the orientation quaternion transform of the camera fixed frame from
the k— 1" time instant to the & time instant expressed in the world coordinates system
W. For purposes of brevity this shall be expressed as Agqw .

represents the translation of the camera fixed frame between time instants k — 1
and k expressed in the world coordinate system. For purposes of brevity it shall be
represented by Aty .

c'yC
tw

e In the figure 2-1 the point F' represents an interesting feature point which is observed
by the camera at two separate instances. The vectors r and 7’ are the 3D vectors from
the origin of the camera fixed frames to the feature point in the k& — 1** time instant
to the k™ time instant respectively. In other words, the 3D positions of the feature is
expressed with respect to the left camera fixed frames C' and C'.

With these coordinate systems, we will discuss the details of the training inputs and outputs
for the neural network.
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Figure 2-2: Overview of the neural network training algorithm
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'
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Figure 2-3: Overview of the image processing module

2-2 Neural Network Training

2-2-1 Inputs to the Neural Network

As mentioned earlier, a back propagation based artificial neural network is used in this thesis.
The hidden nodes or neurons have sigmoid activation functions. The Xsens IMU provides a
4D quaternion. This can be replaced with a Kalman filter generating this quaternion from
raw acceleration and angular velocity values as well. In the future versions of this algorithm,
this quaternion will be generated using the open source algorithm presented in [27]. In this
thesis though, the quaternion provided by Xsens IMU is used. The motion capture tracks the
motion of three markers, one on each of the cameras and one on the IMU. Figure 2-2 gives
a brief overview of the algorithm used in training the neural network. The training is done
offline. A back propagation neural network of 2 hidden layers of 20 neurons each was chosen.
The training inputs and the algorithm which generates the input will now be discussed.

First, the inputs from the image processing module will be discussed. Figure 2-3 depicts the
steps.
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Figure 2-4: Screenshot of Qualisys Motion Capture system tracking three markers. The green
circles/spheres are the markers being tracked

e Consider two time instances k — 1,k. We obtain the image pairs ([jx—1, [;x—1) and
(I1k, Ix) where the subscripts [, r stand for the left and right camera images respectively.

o SURF feature detection and matching is first performed between the left and right image
pair of each frame, followed by triangulation of successfully matched feature points.

e The above step is repeated for the images obtained in the k* instance. This is followed
by matching of features between the images at the two time instances k£ — 1 and k.
Consider a successfully matched and triangulated feature F' as shown in figure 2-1. We
obtain two 3D vectors representing r and 7’ representing the coordinates of the detected
features in the two camera frames C' and C’. The difference of the 3-axis components
of the vectors r and =’ is stored. Basically we just subtract the corresponding X,Y
and Z coordinates of the triangulated features and store them to be sent to the neural
network. Let this difference be denoted by r — r’.

e Let the pixel coordinates of feature F at the k — 1! instant be [z, ys] and the the
corresponding pixel in the kth instant is [:1:’ft, y}t] . These pixel coordinates are obtained
from SURF feature descriptor matching.The difference in 2D pixel positions or pixel
motion [ — 'y, ypt — Yl = [Azpe, Ayye] is stored.

e Additionally sparse optical flow is performed on features successfully matched between
the frames k—1 and k and the 2D pixel motion obtained from the optical flow,[Az 4y, Ayop)
is also stored.

e Thus every feature gives a 7D vector,[r — v/, Az ¢y, Ays, Aop, Ayop]t, which is con-

catenated with orientation transform quaternion between k£ — 1 and k time instances,

namely Agqyw from the IMU and finally it is given as a 11 dimensional input vector to
the neural network.

Typically in case of deep learning or neural network learning involving images, the neural
network is given the whole image or patches of images and it is allowed to choose the features.
In this thesis we don’t intend on using deep learning techniques. Furthermore, we are using
the neural network as a function fitter and not a classifier. If the inputs were given in the
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form of images, or patches of images, then it won’t be very generic for every motion, and
huge amounts of data would be needed for sufficient generalization of the neural network
prediction. By using only difference in 3D feature positions and 2D feature pixel positions in
the two frames and further training to predict only the motion between two frames and not
absolute positions or orientations, we can have sufficient generalization with very little but
representative data.

2-2-2  Outputs of the Neural Network

The motion capture cameras as depicted in the figure 2-4, track three markers, one on each of
the two cameras on the sensor setup and one on the IMU. From the motion capture side, two
vectors are obtained. First is the 3D translation of the marker on the left camera between
the time instances £ — 1 and k. Second is transform quaternion between the orientations of
the plane formed by the three markers in the £k — 1 and k time frames. The two quantities
are concatenated to form final the target output vector for training the network and they
are represented by the [Aqw, Atyy]?. This was the case in initial versions of the algorithm.
In the later versions of the neural network though, only Aty was used for training the
network. This choice was made because in the later stages when training for human motions,
removing the quaternion term and reducing the number of outputs of the neural network to 3
improved the accuracy of the neural network predictions of Z axis translations. Furthermore,
turning about the Z axis or yaw causes the axis in the direction of forward motion to be
no-constant. Since the velocities in the X — Y plane is slightly less important than the Z
velocities, the motion in the X — Y plane is represented as magnitude of the motion vector
in x — y plane and the angle of the vector with respect to the X axis. The motion in the
Z direction is not modified, as the direction of the axis remains the same throughout. To
illustrate this mathematically let us consider the individual 3D components of the vector

T
Aty = {Amw Ayw Azw]} . Then the 3 target outputs for which the neural network is
trained, form the target vector T, and the vector is defined as follows;

(2-1)

For each iteration, the neural network gives a set of possible 3D translation motions of the
left camera in terms of T),. Say there are Ny features tracked between the two stereo image
pairs. Then we obtain Ny number of possible T, vectors. Azy and Ay components are
obtained from the first two terms each of the vector T, and along with the last term we
obtain Ny number of Aty possible translations. These translations are boxed depending on
the range of motions and a weighted average is used to obtain the best estimate of a 3D
motion between two time frames k — 1 and k. This weighted average translation At,,, is
divided by the sampling time which is 0.1s to give 3D translational velocities v, where nn
is a representative symbol for neural network output. This 3D translational velocity vector
obtained from the neural network is used in the extended Kalman filter.

As mentioned earlier, the aim of the neural network is to create a map from the motion of a
feature in the camera frames, the pixel motion in the images, and the change in orientation
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in the IMU, to the actual motion of the left camera as observed by the motion capture.
Typically this is done with multiple feature points using optimization based algorithms like
RANSAC and those mentioned in chapter 1 to obtain the pose of the camera with respect to
the world coordinate system. The motion of the hip of the person where the sensor setup is
expected to be attached to is usually similar and repetitive, more so when comparing motion
transformations between frames. Hence it is believed that a neural network trained with such
motions will be able to produce a good general consensus of the motion between two frames.
The motivation behind using optical flow as another measure of feature pixel motion was
to provide every possible information for the neural network. However, after training few
neural networks it was observed that removing the optical flow terms from the input reduced
accuracy of the neural network. Hence it was decided to keep the optical flow as a part of
the input vector. If the training and testing of the neural network is successful then it can
potentially reduce the computation time for estimating the motion between two time frames
substantially. This is the basis of the algorithm used in this thesis.

In the next section we will describe the extended Kalman filter structure implemented in
this thesis and also how the neural network output is fused with the EKF to provide for the
correction of the states.

2-3 Extended Kalman Filter Framework

In this section, the extended Kalman framework implemented will be discussed briefly. The
state vector, prediction model and error propagation equations implemented are based on the
algorithm presented in [16] and [17]. The state consists of 3 pose/motion parameters namely,
the quaternion gy representing the orientation of the IMU frame B with respect to the world
frame W, py representing the position of the IMU frame in the world coordinates and vy
representing velocity of motion of the world frame. The overall state vector also consists of
gyroscope bias by and accelerometer bias b, which are modelled as random walk processes.
The overall state vector x is as follows;

x = [qw, pw,vw, by, ba]” (2-2)

The continuous time prediction equations governing the states are given by the equation 2-3.

qw = ig(w)QW
pw = dw
bw = C(gw)a
ba = 0351
by = 0351 (2-3)
ow = [ 7
0 —W, Wy
[wx] = | w, 0 —w,
|—wy W 0
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C'(gw) is the rotation matrix associated with the quaternion gy . W is the bias corrected 3D
angular velocity vector and a is the bias corrected and gravity compensated 3D acceleration
vector. They are obtained using the following equations;

a= C(QW)(am - ba) +g

W = wpy, — by

(2-4)

where a,, and w,, are raw acceleration measurements, g is the vector representing gravity.

Following the standard EKF framework and equations presented in [16], the linearised con-
tinuous time propagation equations of the error in states & are as follows;

:Lc = ch + GcnI (2'5)

Here ny = [ng, nyg, Ny, 1) is the noise parameter vector of the system. n, and n, are the
gyroscope measurement noise and the accelerometer measurement noise respectively. n;,, and
1y, are the random walk processes equated to the by and b, respectively. F. and G, are
linearisation matrices for error propagation and are defined as follows;

—[wx] 03x3 03x3 —Isx3  O3x3

O3x3  O3x3 Isx3z Osxs O3x3
Fc=|—[ax] 03x3 03x3 03x3 —C(gw)

O3x3  0O3x3 Osxs Osxs O3x3

| 03x3  03x3 O3x3 Osxs O3x3

[—I3 03x3  0O3x3  O3x3
O3x3 Osx3  Osx3z  Osxs
G = |03x3 03x3 —C(qw) O03x3
O3x3 Isxs  Osxz  O3xs
103x3 O3x3  O3x3  Isx3

I3x3 is an identity matrix while O3x3 is 3 X 3 matrix filled with zeroes. Consider a continuous
noise covariance matrix Q. = diag(a,%g Jﬁbgaga U%ba). These matrices are converted to a dis-
crete form to allow for discrete samples based calculations based on the equations in [17] as

follows;

Fq = exp (FAt)

(2-7)
Qa = [ Fulr)GQGIFu(r) dr
At is the sampling time. The state error covariance AA¢P is now propagated as follows;
Py = FaPyp1FJ + Qq (2-8)

For the measurement update, the output from the neural network AT, is used. The discrete
time observation function h and the actual observation z based on the algorithm in [17] are
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Figure 2-5: Representative diagram of the timing of the prediction and correction computations
based on sensor inputs. The red lines represents the incoming IMU measurements and the blue
lines represents the incoming stereo images.

described as follows;
C(q%)C(gw (k))ow (k) + C(gw)([w(k) x]pf (2-9)
Z(k) = [qW(k)7vnn(k)]T

[C(q%), p%] represent the transform from the IMU frame B to camera frame C. The first
versions of the algorithm substitute the actual value of gy with values obtained from X-Sens
IMU directly. Later versions of the algorithm will utilise the open source filter proposed by
[27] to get actual estimates of the quaternion.

Finally the correction of the states are carried out using the standard EKF framework using
the following set of equations sequentially;

z(k) — h(k) = Hg% + n,
S = HyPy  Hj + R
K =Py HjS™ (2-10)
Ty = (I - KHg)Zppp + Kz(k+1)
Pip = (I—-KHy)Py_ (I — KHy)" + KRK”
cvecn, is the measurement noise of the whole system and R is its covariance matrix. Hy is
the Jacobian of h with respect to the states.

The figure 2-5 shows timing of the prediction and correction measurements. When stereo
images 71 and iy are obtained, the most recently received IMU measurements before the arrival
of the image are coupled with the images i1, 72 and sent to the neural network. Meanwhile,
the prediction continues at all instants when the data from the IMU is received. The timing
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interval between the images ¢; and 9 sent for processing and neural network input generation
is approximately 0.1s. The images though are obtained at 30Hz. Hence for every image
obtained, the images obtained three time instances earlier and the new image are sent for
neural network processing thereby maintaining an overall processing rate 30Hz. For the neural
network inputs, the images have to have a time interval of 0.1s between them, as allowing
more frequent image inputs, makes it difficult for the neural network to distinguish motion as
the motions are much smaller in magnitude. Very low accuracy was observed when the time
interval between the images sent to the neural network processing was kept at 0.033s. The
IMU predictions run at roughly about 100Hz. Once the neural network provides the motion
between 71 and i3, the correction velocity update is obtained using simple sampling based
interpolation based on the 5 previously predicted velocities. Let the 3D velocities at ts, t4...t7
be v3,v4...v7. As mentioned earlier the 3D velocity vector obtained from the neural network
is v,,n. The velocity vector v, sent for the correction update at tg is as follows;

_ 0.1v, — 0.01(v3 + v4 + v5 + v6 + v7)

0.01 (2-11)

Ve
This interpolation is needed to ensue that there is no mismatch in the sampling rate of the
prediction and the correction velocities and also allows for correctly recognizing and reacting
to sudden increase in velocities.

The measurement and process equations used in the Kalman filter are very similar to those
used in [24]. Inferring from the observability derivations in [24], the EKF implemented in
this thesis makes the absolute 3D positions un-observable. As mentioned in the previous
chapter, for the purpose of fall detection, motion between the two time frames or in other
words velocity of motion is a very important quantity. 3D positions are not as important as
velocities for this thesis. Hence absolute 3D position tracking is not our concern. It is hoped
that fusing the neural network output with the EKF will aid in obtaining reliable velocity
estimates.

The necessity for using an EKF framework along with a neural network is highlighted when
the images are blurred and no proper feature correspondences are obtained. In situations like
these , the EKF can still be expected to continue the prediction. The estimation by neural
network is also affected by some noise and hence EKF is used in an attempt to smooth the
motions obtained from the neural network as well.

This combination of the neural network and EKF shall henceforth be referred to as INeural —
EKF. Thealgorithm 1 gives an overview of the Neural —FE K F' algorithm.The next chapter
shall describe the process of experimental data collection for two situations namely the hand
held camera motions and motions of a human subject.
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Algorithm 1 Algorithm for sensor data fusion using Neural EKF

1: procedure NEURAL-EKF

2 a,w < First IMU measurement

3 1;, I, + First stereo image pair.

4 Feature detection, matching and triangulation on stereo images
5: while Not end of data stream do

6 if IMU measurements received then

7 a,w < IMU measurements

8 q,p, v < predicted states from prediction model

9

end if
10: if Stereo image pair received then
11: I}, I + stereo image pair.
12: Feature detection, descriptor matching and triangulation on I}, I;.
13: Feature detection and descriptor matching between I;1;, I)1,
14: KLT Optical Flow estimation for matched features in Ij, I,.
15: Data to neural network.
16: Weighted average of all translations obtained from neural network.
17: Rejection of value if number of features is less than 5.
18: Sampling and window based interpolation to determine correction velocity v..
19: Predicted state correction update.
20: else
21: Continue prediction with next IMU measurement.
22: end if

23: end while
24: end procedure
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Chapter 3

Experiments and Results

In this chapter we will discuss the experiments conducted with the sensor setup and analyse
the results obtained. The experiments can be divided into two parts namely hand-held camera
motions and motions of a human subject. First, the implementation details of the experiment
will be discussed. This will be followed by results of neural network training followed by
results of Neural — EK F with hand-held camera motion data, followed by the results of
Neural — EKF with motion data obtained from a human subject. As discussed in the
previous chapter, the neural network was trained based on features obtained in the images,
the orientation of the sensor setup and the motion of the features. It was proposed to train
the neural network for simple generic motions obtained from hand held camera motion as a
proof of concept. Then a neural network of similar structure will be trained and tested on
human motions.

3-1 Experiment Protocol and Analysis Tools

3-1-1 Protocol

The IMU data and stereo camera images were obtained through USB interfaces and Robot
operating System (ROS) on the laptop and the ground truth motion was obtained from the
Qualisys Motion Capture system available in the Gait Lab in the Mechanical, Maritime and
Materials Engineering (3mE) department at Delft University of Technology (TU Delft). Due
to the different devices and operating systems involved, the sync of the data obtained was
only approximate and exact sync errors were not concentrated upon in detail.

To perform an approximate sync of the data from the motion capture cameras, IMU and the
stereo cameras, two syncing motions were used, once at the beginning and once at the end
of data acquisition. Here the sensor setup is turned to an approximate vertical position such
that the two markers on the two sensor setup cameras are in a vertical line. Also at the same
time the IMU reads an angle of about 90 degrees in the X axis and the motion capture has
two of the three markers in a vertical line.
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Figure 3-1: Picture of the sensor setup attached to a belt

Figure 3-2: The sensor setup strapped on to the subject
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3-1-2 Data Acquisition

For training the neural network for hand held motions, a total of 9 minutes of stereo camera
video, IMU data stream and motion capture ground truth motion of the three markers were
acquired. The 9 minutes consisted of simple motions listed as follows

Motions individually in the X, Y and Z axis.

Planar motions.

Pure rotations about pitch, roll and yaw axis.

Combination of rotational and translational motions.

The nerual network was trained using approximately 6 minutes of data and about 3 minutes
of data was used for testing. Similar procedure was followed for experiment with a human
subject. The sensor setup was attached to a belt and tightened around the hip of the subject
such that the setup was on the lower back and the cameras were facing backwards. This was
done to ensure minimum occlusions due to the swinging of the arms. About 5 minutes minutes
of data consisting of the human subject walking forwards and backwards, and performing
forward lunges were obtained.

3-1-3 Data Analysis

The performance of the Neural — EKF was tested primarily by comparing it with the
ground truth data obtained from the Qualisys Motion Capture system. For evaluation pur-
poses, the Root Mean Squared Error (RMSE), coefficient of determination R? and the 3o
bounds were used. The definition of these quantities are as follows. Let the error between
estimated the Z component of translational velocity and ground truth at time instant k be e.
Let there N instances for which estimation is performed. Let the ground truth estimates for
the Z component of the translational velocity be represented by yi, k = 1..IN. Let the mean
of the ground truth estimate be y . Let the standard deviation of the errors ex, k = 1..N
be o.. Then +30. determines the value of the 30 bounds. If the magnitude of errors fall
within this bound then the estimate is considered a good and reliable estimate. RMSE and
R? measures are defined as follows;

1
RMSE = ,/sz,j:leg
2 ARG &1)
RF=1— —F5=2F

Eévz1(yk - fg)z
Lower the RMSE better the quality of the estimate. Closer the value of R? is to 1, higher is
the quality of the estimate. With these statistical analysis tools we will look into the results
obtained from hand held camera motions in the next section.
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Figure 3-3: Comparison of ground truth x-axis translations with x-axis translations estimated by
the neural network. The top figure shows the results for the full of the test data while the bottom
figure zooms in on part of the data.
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Figure 3-4: Comparison of ground truth y-axis translations with y-axis translations estimated
by the neural network. The top figure shows the results for the complete test dataset while the
bottom figure zooms in on part of the data.
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Figure 3-5: Comparison of ground truth z-axis translations with z-axis translations estimated
by the neural network. The top figure shows the results for the complete test dataset while the
bottom figure zooms in on part of the data.

3-2 Performance of Neural-EKF for Hand-Held Camera Motions

3-2-1 Results of Neural Network Estimation

The results of the predictions of translations by the neural network can be seen in figures 3-3,
3-4 and 3-5. For each frame to frame motion, if N features were successfully matched and
triangulated, the neural network gives N possible translations of the camera with respect to
the world frame. These N translations are boxed and a weighted average is taken as the final
prediction of the neural network for comparison with ground truth.

3-2-2 Discussion

The bottom subplots in each of the figures 3-3, 3-4 and 3-5 zoom in on parts of the data
where the prediction was found to be more accurate. From the zoom subplots, it can be
clearly observed that the neural network performs very well with slow translations but not
as well when it comes to fast translations. This can be attributed to the rate of processing
of the neural network. This neural network estimates motion between two frames separated
by 0.1 seconds. Choosing a higher processing frequency lead to very small frame to frame
motions which were found to undistinguishable by the neural network. Hence this prevents
the neural network from reacting to faster motions. This problem is solved to some extent
in the later stages when fusing the neural network prediction with the EKF, where a the
processing of the neural network is done every time a stereo images are acquired and the
translational velocities for correction are obtained using simple interpolation as described in
the previous chapter. Another factor that needs to be taken into consideration is that for
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Figure 3-6: Comparison of ground truth x-axis velocities with x-velocities estimated by Neural-
EKF.The top figure shows the results for the complete test dataset while the bottom figure zooms
in on part of the data.

very fast movements, sometimes the image processing module gives no data due to heavy
blurring and lack of features detected. Large blurs also reduce accuracy of feature detection
and matching and this seems to affect the prediction by the neural network.

3-2-3 Results of Neural-EKF Estimation

Here, the estimation of translation velocities for hand held camera motions using the Neural —
E K F will be discussed in detail. Translation velocities are important for the purposes of fall
detection and they are not accurately obtainable from just the IMU. The absolute positions
of the setup are not as important to this thesis as the velocity but nevertheless it will be

discussed briefly as well.

The comparison of the 3 axis translation velocities with ground truth obtained from the
motion capture can be seen in figure 3-6, 3-7 and 3-8.

3-2-4 Discussion

Just as observed in figures 3-3 , 3-4 and 3-5, the zoomed in subplots of figures 3-6, 3-7 and 3-8,
clearly show that velocity estimation is quite good for slowly changing velocities and motions
which consist of small accelerations. In case of very fast motions, the estimated velocity is
observed to drift to a great extent. The same is also observed when there are no correction
updates from the neural networks. The RMSE of translation velocity was found to be as

follows;
o X-axis RMSE velocity=0.1278m/s.
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Figure 3-7: Comparison of ground truth y-axis velocities with y-velocities estimated by Neural-
EKF.The top figure shows the results for the complete test dataset while the bottom figure zooms

in on part of the data.

--- Ground Truth

1 Z Veloclty vs Tlme —Neural EKF Esti
T T
, ) b Gt \h' @k“
N h nifhiteh i |
oo vww»fm ik i il
E- | -
: |
.g a2l i
2
S B
-4 | | | | | | | | | |
0 20 40 60 80 100 120 140 160 180 200
Time(s)
T T T T N T
05 - ,”\ ‘ N ’\ y/\‘ | | i 7
A ’k A f {&\ A
K b i \ \ 4 A Y \.A\ "\i [ ‘ YN A‘“ W ey
g 0 \‘\\ ’r(/ \\\ ‘( \\ ‘\x\/ Wﬁ I W,\"\/\(v \W ’\f” \Jp} )J \ﬁw J/ h :‘/\ M\\\ i W\M 1’ (W\W
= Wy ',v,/ g/ A \J
505 v ¥ \ 7 v m
o ' \
°
T -1 8
N
| | | | |
100 105 110 115 120 125 130 135 140
Time(s)

Figure 3-8: Comparison of ground truth z-axis velocities with z-velocities estimated by Neural-
EKF.The top figure shows the results for the complete test dataset while the bottom figure zooms

in on part of the data.
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Figure 3-10: Error plot of x-axis velocity and 30 bounds. The 3¢ bounds are represented by the
red dashed lines
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Figure 3-11: Error plot of y-axis velocity and 30 bounds. The 30 bounds are represented by the
red dashed lines
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Figure 3-12: Error plot of z-axis velocity and 30 bounds. The 30 bounds are represented by the
red dashed lines
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o Y-axis RMSE velocity=0.1268m/s.
o Z-axis RMSE velocity=0.1571m/s.

It is also important to note that a maximum error of 3.678 m/s is observed in the estimation.
As we require velocity to be estimated with very high accuracy, such high maximum error is
not acceptable. These errors in velocity also lead to worsening of the position drifts caused by
the un-observability of position. This drift can be clearly observed in the figure 3-9. As can
be seen, the Z-position drifts the most from the ground truth with the maximum error being
11.56m. Although as mentioned earlier, absolute positions are not our major concerns and
we will be focussing on translational velocities. In figures 3-10, 3-11 and 3-12 show the plots
of the velocity errors and the 30 bounds where ¢ is the standard deviation in the error. From
these figures it is clear that the bounds are not met. These results are not of the required
accuracy and they clearly demonstrate the limitations of the proposed algorithm.

From the results obtained we can finally conclude that the current algorithm is capable of
tracking velocities of slow motions accurately and this is encouraging enough to test the
algorithm for motions of a test subject. It will be interesting to see how this combination
of neural network and extended Kalman filter performs for normal motions of humans. If
good velocity tracking is achieved, then it should be possible to perform the necessary motion
analysis on the estimates to detect the start of the fall. With this in mind, the next section
will focus on experiments conducted with sensor setup attached to a human subject.

3-3 Performance Analysis of Neural-EKF with Human Motion Data

3-3-1 Data acquisition

For analysis on actual human motions, a neural network was trained based on on the following
motions;

e Slow and medium paced walking.
e vertical lowering of the back and bending of knee.
e Forward step and flexing of knee to bend down.

e Horizontal side steps.

About 5 minutes of video, IMU data and motion capture data were used for training a new
neural network to track human motions. This neural network was then tested on a different
dataset consisting of the following motions.

e Slow and medium paced walking with more emphasis on stamping the foot on the
ground.

e Lowering the hip completely to the floor and then getting up from the sitting down
position.

As before the X -axis represents the axis facing in the forward direction with respect to the test
subject and Z axis represents the axis facing upwards from the ground. Typical trajectories
of the training an test data in the X — Y plane can be seen in the figure 3-14.
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while performing the sitting down and getting up motions repeatedly.

Table 3-1: Results of translational velocity estimation by Neural — EKF . The magnitude
of velocity in the X — Y plane and the Z-velocity are studied.

Activity Velocity component | RMSE | Max Error R?
. X — Y plane 0.1625 | 03755 | 0.2792
Walking Z-axis 0.0595 | 0.1704 | -5.152
N . X — Y plane 02319 | 0.0768 | 0.1901
Sitting Down/Standing up Z-axis 0.1416 | 0.0.4533 | 0.7040

3-3-2 Results of Neural-EKF with Human Motions

For testing the performance of Neural — EK F with human motions, we are mostly con-
cerned with Z axis velocity tracking and hence the results and analysis shall be done based
on Z axis velocity estimates. The figure 3-15 compares the estimate of the Neural — EKF
with the ground truth values obtained for a walking experiment. The figure 3-16 compares
the ground truth data with Neural-EKF estimates for the case when a complete sitting down
and standing up motion was performed.

The table 3-1 lists the various accuracy measures obtained from the estimates of Neural —
EKF. The velocity estimation accuracy errors are obtained for the two sets of distinct
activities of walking and sitting down and standing up.

3-3-3 Discussion

While walking, the hip and the sensor setup attached to the hip, do very small Z axis
translations in small repetitive periods. This causes high frequency motion which is not
effectively tracked by the Neural — EK F as can be seen in the figure 3-15. Whereas this is
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not the case when large motions like sitting down and standing up motions are involved. As
can be seen from figure 3-16, the setup responds to every sit down and stand up motions, but
the accuracy of the magnitude of velocity is not up to the acceptable standards. Furthermore,
as can be seen for the table 3-1, very low and negative R? values for walking are obtained, in
spite of low RMSE and maximum error values for both components of velocities. Whereas for
the sitting down and standing up case, the R? values are significantly higher especially for the
Z-velocities indicating good velocity tracking for activities involving slow vertical motions.

In spite of low accuracy for walking, we could possibly threshold the Z axis velocities within
+0.2m/s and say that if the velocity oscillates within this threshold, walking is being per-
formed. In case of sitting down/standing up case, we could use overall spatial and temporal
characteristics of the curve to determine if the person if performing the sitting down or stand-
ing up motion. This is a hypothesis which will be tested in future works once better accuracy
is obtained from tracking.
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Chapter 4

Conclusions

4-1 Overall Summary

In this thesis, a sensor data fusion algorithm combining a neural network and an EKF was
implemented. The goal was to study how accurate the results can be when giving up on
costly but accurate optimization/iteration based methods of visual-inertial motion estimation.
There is very little data on performance of visual-inertial sensor data fusion algorithm for
individual human motions/activity in the literature. Most of the algorithms measure errors in
term of loop closure and accuracy of pose estimates. This thesis has attempted to contribute
results on performance for two different human activities namely, motions of walking and
motions of sitting down and standing up.

A neural network was trained in order to track the motion of the hip while walking, sitting
down and standing up. The Neural — EKF provides an confidence or R? value of 0.7040
for the sitting down and standing up activity alone. For the walking activity the accuracy
was very low and the R? value was found to be negative. From this we can conclude that
training a neural network to track slow, very low frequency motions is a feasible idea but
the inputs and training of the neural network need to be changed to improve the accuracy
of the estimation of the Neural — EKF'. In spite of the low accuracy while tracking Z
velocities, a threshold of +£0.2m/s could be applied and if the Z value oscillated between
this threshold, then we could say that the person was performing the walking motion. The
estimation results for the sitting down and standing up activities is very encouraging as we
observe that the Neural — EK F' is capable of reacting to these predominantly vertical axis
motions. With slightly more accurate estimates and a supervised classifier which learns the
velocity curves for these activities, it would be possible to distinguish whether the person is
in control of his motion or whether his motion will ultimately lead to a fall. We know where
our algorithm fails. We have identified where the algorithm performs the best. If we exploit
these facts, learn the shapes of the velocity curves for various activities, there is potential for
this algorithm to be used in early fall detection.
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4-2 Limitations of the Neural-EKF and Suggestions for Future
Work

The main limitation faced by the Neural — EKF is the necessity of presence of good
quality features in the image scenes. Without these features, the tracking algorithm will
cease to function. To realise the accuracy of velocity estimation we obtained in this thesis,
at least 5 features per frames were necessary. To solve this limitation, one could possibly use
some form of dense 2D image to 3D mapping techniques like the Large Scale Dense(LSD)
SLAM presented in [28]. The dense mapping can be performed on some sparse regions of the
image alone to obtain 3D points and motion of 3D points between two frames.

The second limitation is the lack of any explicit outlier rejection of feature points. The outlier
rejection is done to some extent when using the weighted values of translations obtained from
the neural network but even so, in the presence of low number of feature match is enough to
reduce the accuracy of the estimate. Hence, there must a simple technique which pre-filters
the inputs sent to the neural network, or rejects the estimate from the neural network if the
standard deviation of the translations obtained is higher than a threshold. In such a case
where standard deviation of the translations obtained are high, we can say that the noisy
feature matches and motions are present in the inputs sent to the neural network, and hence
correction need not be performed in this cycle. This may aid in improving the accuracy.

The inputs which were chosen for this neural network, namely frame-to-frame 3D feature
coordinate difference, pixel motion and the orientation transform quaternion between the two
time frames, gave encouraging results. Nevertheless, to increase the accuracy of estimation
further, better parameters or variables need to obtained from the image data to estimate
motion.

In this thesis we studied human motion estimation for a single subject. To improve the
motion estimation capabilities of the neural network, it needs to be trained with data from
more subjects. Also, what needs to be tested is the performance when there is much higher
impact on sitting down or when the subject tied to a harness is pushed to fall down.

As mentioned earlier a classifier capable of leaning various velocity curves for different ac-
tivities on top of the Neural — EKF framework has a potential to to detect falls early.
Considering that the neural network has a constant and low complexity of execution, it would
be possible to use a slightly more computationally expensive learning algorithm and still ob-
tain real time performance.

The methodology of the Neural— EK F' is just a base on which a lot more can be built. With
right set of inputs and target outputs, in the near future, it might be possible to estimate
motions with very accuracy without the necessity of very deep learning algorithms. The
Neural — EKF is a suggestion towards the possibility of using neural networks in multiple
low-level capacities to ultimately lead to the development of a successful fall prevention and
health monitoring device.
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Appendix A

Basics of Kalman Filtering

The key objective of this thesis is to obtain motion parameters like, position, velocity and
orientation, but all we get from the IMU and accelerations and rotational velocities, while
we get images and points of interest or features from cameras. If we are to obtain any of
the motion parameters mentioned, we have to fit a model that maps the sensor data to the
motion parameters or states. In control system terms we need an observer of the motion of
the person to estimate the various states. In robotics, various Kalman filters/observers have
been extensively used for state estimation. The Extended Kalman Filter (EKF) has been
used especially for fusing data from various sensors. As both visual odometry and sensor
fusion algorithms use the Kalman filter, the formulations of the linear Kalman filter and the
EKF are discussed in following sections.

Before going into the Kalman filters it is necessary to discuss Gaussian random variables on
which a major part of the formulation of the Kalman filter depends. Consider a random
variable X with mean u and variance o2 represented as x ~ N (p,0?). If the variable follows
what is known a Gaussian or normal distribution, its Probability Density Function (PDF) is
defined as follows

(@) = e (A1)
p Tr) = —]—e 20 -
V2mo?
Any linear process on a Gaussian random variable is considered a random process. If we have
two independent random variables x1 ~ N(u101), and 9 ~ N(us2,02) they have the following
properties.
1+ x5 ~ N(u + po, 0 + 03)
1 (@ (u1+p2)?) (A—2)

plas +as) = — L ¢ weted
2m(0? + 03)

If x is a multi-dimensional random variable then it will be represented as = ~ N (i, Xzz)
where pu, is the mean and Y., is known as the covariance matrix of the variable . Consider
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X - . Mz Ex:r: Ezy _
== () [ %)) wa

where Y, represents the covariance between the variable x and y.

the following;

Another important property is the intersection. If have x ~ N(pu,, X,) and y = Az +b where
A is constant and b ~ N(0,Q) where Q is the covariance matrix of the b. Typically the b
term is used to represent the assumption that the sensor noise is zero mean white Gaussian
noise, an assumption widely used in robotics and in particular with the IMU. We have the
following property then;

x Mz Yz Eacy
(A-4)
A-1 Linear Kalman Filter
Consider a linear system with the following set of state equations
x = Axp + Bu; +w
k+1 k Uk k (A—5)

yr = Cxp + vy

where xy, is the state at time instance k, wy is the normal variable with w ~ N (0, Q) known
as process noise and v is the normal variable v ~ N (0, R) known as the measurement noise.
A is the system matrix and B is input matrix. uy is the input at time k.

Suppose we have a state estimator/predictor as follows;
£k+1|kz = Aiﬁk“c + Buy (A-6)
The predicted output is;
Gr+1 = CRipajk (A-7)

Then the error is the estimate and the covariance of the error can be derived as follows;

Tk = Tk — Ty
Tpt1k = Tht1 — Tr1jk
Tpy1k = AZpp + Wi

Yy = E[fék|kfég|k]
Ytk = E[ik+1|ki£+1|k]
Sk = AS AT +Q

where 3y )i is the error covariance for a time instant k + 1 given corrected estimates till
time instant k. E[] is the expectation function.
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To minimize the error in the estimate, a Kalman gain is calculated using least squares so
as to minimize the error covariance matrix. This Kalman gain K along with the error
Yk+1 — Ykt+1 can be used to update the predicted state and the error covariance so as to
reduce the prediction error. The equations are as follows.

Kiy1 = S 1kcCT (CBiey i CT +R) !
Brt1k+1 = Bot1jk+1 + Kip1 (Yet1 — Cppagr) (A-9)
Eprakrr = Birak — K41 CEppapx

A-2 Extended Kalman Filter

In many cases where motion has to be estimated the process is usually non-linear and using a
linear Kalman filter will not yield productive results. So the extended Kalman filter uses a non
linear model for the process, linearises the non linear model at the particular time instance
of update and follows the process for Kalman filtering on the model linearized around a
particular time instant. The following are the non linear process equations.

Trp+1 = f(xk, uk, wi)

ZE = h(:ck, ’Uk) (A_lo)

where f and h are non linear models and wyg, vy are the process and measurement noises
respectively. To linearise the non linear function the Taylor series expansion is used up to the
first order and the prediction step is derived as follows

f@r, ur, wi) = f(@rug) + f/(Zeur) () — k)

A-11
[, up, wi) ~ f(Zpur) + F (2, ug) Ty ( )

where F(Z, uy) is the Jacobian of the f w.r.t to the states, &, is the error in estimate of the
states,(xx — &). F(&x, ug) will be written as Fy for brevity.

Using the above equation the error in the estimate of the state can be propagated as follows

Tr+1 = FxZr + Grwy (A-12)

where Gy is the Jacobian of f(xg,ug,wy) with respect to noise.

The error covariance matrix can now be derived as follows

i1 = El@pp184 4]
= E[Fy &%} FL| + FB[Grwiw; Gy |
= FE[#,Z} ]FT + G E[ww] |GT
=F.EFL + G Qi Gy

(A-13)

It is to be noted that for digital systems which almost always the case, it is necessary to
obtain the estimates and errors using numerical integration.
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For the update of estimated state we use the Taylor expansion of the measurement equation
as follows;

h(zk) = h(®x) + Hy(x — 2) + ..
h(zx) ~ h(dx) + Hi (A1)

where Hy is the Jacobian of A w.r.t the states The error in actual measurement and the
hypothesis, also known as residual is used to update the estimate, just like the normal Kalman
filter using the following equations.

h(:ck) — h(.’fﬁk) = Hki — Vg
ZE — h(:f}k) = ijk — Vg (A—15)
rr = HyZp + ng

where 7, is the residual vector and ny is the noise.
The state and covariance update equations are as follows

Tk = Brjp—1 + Ki(zk — h(Zrp—1))

3k = V-1 — KeHiXy k1 (A-16)

Ki, = Sy 1 Hy (Hi Sy HT + Ry) ™

The full derivations of both the linear Kalman filter and EKF can be found in many online
resources, for example in [29] and [30].
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List of Acronyms

3mE

TU Delft
EKF

IMU
ADL
RANSAC
RMSE
FPS

KLT

PDF
SURF
BRISK

Mechanical, Maritime and Materials Engineering

Delft University of Technology
Extended Kalman Filter

Inertial Measurement Unit
Activities of Daily Living
Random Sampling and Consensus
Root Mean Squared Error
Frames Per Second

Kanade Lucas Tomasi
Probability Density Function
Speeded Up Robust Features

Binary Robust Invariant Scalable Keypoints
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