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ABSTRACT

ENDOSENSORFUSION: PARTICLE FILTERING-BASED
MULTI-SENSORY DATA FUSION WITH SWITCHING
STATE-SPACE MODEL FOR ENDOSCOPIC CAPSULE
ROBOTS USING RECURRENT NEURAL NETWORK

KINEMATICS

Ingestible wireless capsule endoscopy is an emerging minimally invasive diag-
nostic technology for inspection of the gastrointestinal (GI) tract and diagnosis of a
wide range of diseases and pathologies. Medical device companies and many research
groups have recently made substantial progresses in converting passive capsule endo-
scopes to active capsule robots, enabling more accurate, precise, and intuitive detection
of the location and size of the diseased areas. A reliable, real time multi-sensor fusion
functionality is crucial for localization of actively controlled next-generation endoscopic
capsule robots. In this study, we propose a novel multi-sensor fusion approach based on
switching observations model using non-linear kinematics learned by recurrent neural
networks for real-time endoscopic capsule robot localization. Our method concerns the
sequential estimation of a hidden state vector from noisy pose observations delivered
by multiple sensors, a 5 degree-of-freedom (5-DoF') absolute pose measurement by a
magnetic localization system and a 6-DoF' relative pose measurement by visual odom-
etry. For the inference of the model, Sequential Monte Carlo (SMC) methods known
as particle filters are employed, which are effective for on-line inference. In addition,
the proposed method is capable of detecting and handling sensor failures by ignoring
corrupted data, providing the robustness of a medical device. Detailed analyses and
evaluations made using ex-vivo experiments on a porcine stomach model prove that
our system achieves high translational and rotational accuracies for different types of

endoscopic capsule robot trajectories.



OZET

KAPSUL ENDOSKOPI ROBOTLARI ICIN DEGISEN
DURUM-UZAY MODELI iLE YINELENEN YAPAY SINIR
AGLARI KULLANARAK PARCACIK FILTRELEME
TEMELLI COKLU DUYARGA VERISI
ILISKILENDIRMESI

Yutulabilir kablosuz kapsiil endoskopi, mide-bagirsak kanali incelemeleri ve pek
¢ok hastalik ve patolojinin tanisi i¢in kullanilan, gelismeye agik, tahrig miktar1 diigiik
bir tanilama teknolojisidir. Tibbi cihaz sirketleri ve pek ¢ok arastirma grubu pasif
kapsiil endoskopinin daha dogru, hassas ve hastalikli bolgelerin genisligini ve yerini
sezgisel olarak tespit edebilecek sekilde gelistirmek i¢in 6nemli ilerlemeler kaydetti. Ak-
tif olarak kontrol edilen, yeni-nesil kapstil endoskopi robotlarinin konumlandirilmasi igin
giivenilir, ger¢ek-zamanlh ¢oklu duyarga iligkilendirme 6zelligi hayati onem tagimaktadir.
Bu caligmada, kapsiil endoskopi robotunun gercek-zamanli konumlandirilmasi i¢in yine-
lenen yapay sinir aglari ile modellenen dogrusal olmayan robot kinematigi kullanilarak,
degisen gozlem modeli temelli yeni bir, coklu duyarga iligkilendirme yaklagimi onerildi.
Sunulan yontem coklu duyargalardan, manyetik konumlandirma sistemi ile elde edilen
5 serbestlik-dereceli mutlak poz oOlgiimii ve gorsel odometri yontemi ile elde edilen 6
serbestlik-dereceli goreceli poz olgiimii, gelen giirtiltiilii verilerden gizli durum vektori
icin ardigik olarak kestirim yapilmasiyla ilgilenmektedir. Model tizerinde kestirim ya-
pabilmek ic¢in, ¢evrimici kestirim ic¢in etkili olan, parcacik filtresi olarak da bilinen
ardigil Monte Carlo yontemleri kullanilmigtir. Ex-vivo deneyler kullanilarak domuz
midesi modelinde yapilan detayli analizler ve hesaplamalar, sistemin farklh tiirde kapstl
endoskopi robotunun gezingeleri ic¢in yiiksek ilerleme ve donme dogruluklarina sahip

oldugunu ispatliyor.
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1. INTRODUCTION

Following the advances in material science in last decades, milli-scale endoscopic
capsule robots with an on-board camera and wireless image transmission device have
been commercialized and used in hospitals (FDA approved) since 2001. Untethered
pill-size, swallowable capsule endoscopes are used to access to regions of the gastroin-
testinal (GI) tract that were impossible to access before, to diagnose diseases such as
the inflammatory bowel disease, the ulcerative colitis and the colorectal cancer, and
has reduced the discomfort and sedation related work loss issues [2,5-8]. However, the
capsule endoscopy is limited to passive monitoring of the Gl-tract via optical imaging
as clinicians do not have active control over the capsule’s position, orientation, and
functions. The control over capsule’s position, orientation, and functions would give a
doctor more precise reachability of targeted body parts and more intuitive and correct
diagnosis opportunity [4,9-13]. Several groups have recently proposed active, remotely
controllable robotic capsule endoscope prototypes equipped with additional function-
alities such as localized drug delivery, biopsy and other medical functions [1,10,14-22].
These medical functions require an active motion control with a reliable and precise real
time pose estimation. In the last decade, many different approaches were developed
for real time endoscopic capsule robot localization including received signal strength
(RSS), time of flight and time difference of arrival (ToF and TDoA), angel of arrival
(AoA) and RF identification (RFID)-based methods.

The advantage of electromagnetic wave-based techniques is that there is no need
for an additional equipment apart from wireless biomedical sensors and the localiza-
tion is not affected by actuating magnetic field unlike DC magnetic field strength-based
techniques. The disadvantage of these techniques is that high-frequency electromag-
netic waves attenuate quicker than magnetic waves while low-frequency electromag-
netic waves provide a low precision. On the other hand, the advantage of magnetic
field strength-based techniques is that actuation system and localization system can
be both executed based on magnetic forces and torques. The disadvantage of magnetic

sensor based localization is interference from environment into the magnetic fields.



Hybrid techniques based on the combination of different sources such as magnetic
sensors, radio frequency (RF) sensors and RGB camera sensors are more beneficial for
obtaining more reliable and relevant localization if the fusion strategy eliminates weak-
nesses of both sensors and elevates strengths of them. Sensor fusion techniques applied
for endoscopic capsule robots include fusion of RF electromagnetic signal and video,
fusion of RF electromagnetic signals and magnetic sensors data and fusion of magnetic
sensors data and video. First subgroup of hybrid techniques fuses RF signals and video
for localization of the capsule robot [23,24]. [24] asserts that using both RF signal and
video as input, achieves millimetre accuracy while previous techniques achieves a few
centimetres accuracy. One drawback of these studies is that most techniques for data
fusion have been based on Kalman filtering, which works best for linear systems, while
the kinematics and dynamics of capsule robots are nonlinear in orientation. In the
second group, RF signal and magnetic data are fused for the localization of the capsule
robot [24-26]. In these studies, a localization method that has high accuracy for simul-
taneous position and orientation estimation, has been investigated. In the third group
of hybrid techniques, video and magnetic data are fused for the localization of the
capsule robot [27]. An ultrasound imaging-based localization combined with magnetic

field-based localization is introduced by [27].

Although some of these state-of-the-art sensor fusion techniques have achieved
remarkable accuracy for the tracking and localization task of a capsule robot, they
are not able to detect and autonomously handle sensor faults, and additionally several
techniques using RF localization require complex signal corrections to account for at-
tenuation and propagation of RF signals inside human body tissues. In addition, most
previous models use relatively simple dynamic models for the capsule, whereas perfor-
mance would be greatly improved by a more accurate model of the system. Lastly,
previously demonstrated methods generate inaccurate estimations in cases where noise
from the environment and the actuation system interferes with one or more components

of the localization system.

In this thesis, we propose a novel multi-sensor fusion algorithm for capsule robots

based on switching state space models with particle filtering using the endoscopic



capsule robot dynamics modelled by Recurrent Neural Networks (RNNs), which can
handle sensor faults and non-linear motion models. The main contributions of our

thesis are as follows:

e To the best of our knowledge, this is the first multi-sensor data fusion approach
that combines a switching observation model, a particle filter approach, and a
recurrent neural network developed for the endoscopic capsule robot and hand-
held endoscope localization.

e We propose a sensor failure detection system for endoscopic capsule robots based
on probabilistic graphical models with efficient proposal distributions applied
onto the particle filtering. The approach can be generalized to any number of
sensors and any mobile robotic platforms.

e No manual formulation is required to determine a probability density function
that describes the motion dynamics, contrary to traditional particle filter and

Kalman filter based methods.

The thesis is constructed as follows. A review of the state-space models and
Bayesian filtering methods is given in Section 1.1. Section 1.2 presents the dataset and
the experimental setup. Section 2 introduces the proposed multi-sensory data fusion
and the filtering algorithm in detail. Section 3 shows the experimental results for 6-
DoF multi-sensor data fusion of the endoscopic capsule robot. Section 4 concludes with

future directions.

1.1. Bayesian Estimation

1.1.1. State-Space Models

State space models (SSM) provide a framework to handle sequential data, which

. A A
assumes a data sequence with processes zi.r = {2z}, and zo.r = {2}, The model



Xt-1 Xt Xt+1

Figure 1.1. Graphical model of a state space model. The latent and observation

processes are denoted by single and double circles, respectively.

is given on the compact form in terms of conditional distributions:

o ~ p(Zo) (1.1)
Xpp1 | Xe ~ [ (T | 24) (1.2)
Z | ¢ ~ h(z | ) (1.3)

where z; € X € R” is the latent state, z;, € Z € R™ is the observation at time ¢,
an initial latent state xy with a prior distribution u(xg), a state transition function

f(xi41 | x4) and an observation function hA(z | x;).

Another description of sequential models like state-space models is graphical
model [28,29]. Figure 1.1 shows the corresponding graphical representation of an SSM,
where the latent state process and observed process are presented in single and double
circles, respectively. In the graphical model, we see that the state x; is conditionally
independent of the states x;_o given the previous state x;_; due to the Markov prop-
erty of the model, meaning all the past information is contained in the state at time
t — 1. In addition, the observations are mutually independent given the latent states,

as the arrows show the conditional dependency.



1.1.1.1. Switching State-Space Models. Switching state-space models (SSSM) are a

class of time series models, which have novel applications in statistics, robotics, econo-

metrics and signal processing. SSSMs are composed of:

e A switch variable with a statistical model, which adapts the behaviour of the
statistical SSM that switches from one observation model to another

e A latent state vector that is evolved by a stochastic evolution function

e An observation vector that is related to the state vector according to an obser-

vation function.

The statistical model for the switch variable can be formulated in different ways

such as:

e The switch parameter s; is defined to be identically and independently distributed

random variable:

Pr(s; | s1.4-1) = Pr(s;) (1.4)

e The s; is defined to be a homogeneous, discrete-time Markov chain a transition

function:

Pr(s; | s1.4-1) = Pr(s: | si—1) (1.5)

Statistical structures for these Markov models have been widely studied in the lit-
erature, especially when the SSM is Gaussian and conditionally linear [30,31]. Multiple
model algorithm and pseudo-Bayes algorithms based on Gaussian mixture approxima-
tions are defined to solve the estimation problem [32]. Several sequential Monte Carlo
methods are used for approximate inference in linear and non-linear jump Markov
systems that are applied in digital communications multiple target tracking, fault de-

tection and image processing [33-35].



1.1.2. Kalman Filter

In a sequential estimation problem, we are mostly interested in the value of z;
given all the observations up to time t, Pr(z; | z14), which is called the filtering

problem. The posterior distribution can be expressed recursively:

Pr(z; | z1.4) o< h(ze | 2) Pr(zy | z1.0-1)

(1.6)
= | 0) [ fan | va)Prtens | o dlos).

Thus, the posterior density of the filtering is proportional to the multiplication
of the likelihood h(z; | z;) by the prediction density Pr(z; | z1.4—1), which is impossible
to calculate analytically in most problems. However, the posterior density can be
expressed in closed form when the state transition function f(x; | ;_1), the observation
function h(z: | z¢) and the prior are Gaussian and linear. The SSM has the following

form:

To NN(MO,EO) (17)
xe1 | % ~ N(Fx;), Q) (1.8)
z; | x; ~ N(Gx;),R) (1.9)

where F and G are state transition and observation matrices, the positive semi-definite
matrices Q and R are process and observation noise covariances, respectively. The

algorithm of the Kalman filter can be found in Figure 1.2.

The Kalman filter algorithm takes noisy measurements from sensors and esti-
mates state variables more accurate than each measurement alone. The model and the
measurements involved can be estimated up to an extend due to model approximations
or noise respectively. Prediction of the system state is averaged with new measurements
using weights. These weights decide which measurements are more accurate, which are

computed from the covariance that is the estimated uncertainty of the state prediction.



Prediction

Xjt—1 = FuX;_14—1; A priori state estimate

P11 = F,Py1F} 4+ Qq; A priori covariance estimate
Update

y: = z; — HyXy,—1; Measurement pre-fit residual

S, =R, + Hth,le; Innovation covariance

K, = Pt|t_1HtTS;1; Optimal Kalman gain

Xt = Xy—1 + Kiys; A posteriori state estimate

P, = (I - KiH;)Py;_1; A posteriori covariance estimate

Ve = 2z — HyXy,; Measurement post-fit residual

Figure 1.2. Kalman Filter Algorithm.

This process runs iteratively, resulting in a recursion with information only from the

previous time step.

The Kalman filter can handle missing observation at time t, z;, making use of all
available information at time ¢. Additionally, The Kalman filter can make predictions
by repeating the prediction step of the filter £ more times to obtain Pr(x; + k | y1.4).
However, the Kalman filter suffers from the dependency on the strict linearity and
Gaussian form assumptions and, thus, is not applicable to to non-linear and non-

Gaussian models.

1.1.2.1. Extended Kalman Filter. To avoid the linearity constrain of the Kalman filter,

the Extended Kalman Filter (EKF) is used as an extension, which allows the transition
and observation functions to be non-linear with Gaussian noises. The algorithm of

the EKF is shown in Figure 1.3. EKF linearises the model with first-order Taylor



approximations with the following equations:

af

F, 1 =— 1.10

-t ox Xi_1)t—1 ( )
oh

H = — 1.11

" Oxlx (L11)

However, if the model is highly non-linear, the first-order approximations can
lead to large errors, resulting in a divergence of the filter. Even though higher order
extensions are described for the Kalman filter, these are shown to be effective only

when the measurement noise is small [36].

Prediction

Xyji—1 = f(Xi—1e—1); A priori state estimate

Piyi—1 = F, P11 FL + Qu_1; A priori covariance estimate
Update

Yi = 2z — h(Xy—1); Measurement pre-fit residual

S, =R; + HtPt|t_1HtT; Innovation covariance

K; = Pt|t_1HtTSt_1; Optimal Kalman gain

Xt = Xgp—1 + Kiyy; A posteriori state estimate

P, = (I - K{H;)Py;_1; A posteriori covariance estimate

Figure 1.3. Extended Kalman Filter Algorithm.

1.1.2.2. Unscented Kalman Filter. The Unscented Kalman Filter (UKF) aims to im-

prove on the EKF when the state and observation equations are highly non-linear,
making use of a set of discretely sampled points to parametrise the mean and covari-
ance [37]. The UKF replaces the first-order approximations made by the EKF with
a set of carefully chosen sample points called sigma points. The UKF is based on
the Unscented Transform that is used to sample sigma points. True mean and covari-
ance of the states are captured by the sigma points. The UKF then propagates the

sigma points through the non-linear system dynamics capturing the posteriori mean



and covariance with the third order accuracy for any non-linear modality [38]. The
UKF eliminates the need for derivation of the Jacobian of transition and observation

functions. The UKF algorithm is described in Figure 1.4.

In the prediction step, the filter computes the prior using the non-linear process
model f(-). Sigma points X and their corresponding weights W™ W€ are generated
and the sigma points are passed through f(-), which projects the sigma points forward
in time according to the process model, forming the new prior. The transformed sigma
points are denoted as Y. The mean and covariance of the prior are computed using

the unscented transform on the transformed sigma points:

X P=UT(Y,W™ W Q) (1.12)

The UKF performs the update in measurement space. The sigma points of the
prior are converted into measurements using the measurement function A(-). The mean
and covariance of these points using the unscented transform, which are denoted as y,

and S, respectively.

These non-linear extensions all aim to modify the Kalman filter to allow non-
linear and non-Gaussian models with certain approximations which is exactly the same
model when it is linear and Gaussian. Therefore, they can fail for highly non-linear

and non-Gaussian models due to ineffective estimates of the state and covariances.

1.1.3. Sequential Monte Carlo

We would like to extend the Kalman Filter to any transition and observation
processes f(-) and h(-) without making linear and Gaussian approximations. Thus,
these models are not Gaussian filtering densities and the mean and covariances are not
sufficient to construct the pdf. A more thorough approach is achieved by targeting

the exact pdf. Since the calculation of these densities results in intractable integrals in



10

Prediction

Y= f(x)

Xyi—1 =y, w™Y; A priori state estimate

Pyi1 =Y w(Y — Xep—1)(Y — Xepp—1)" + Qu—1; A priori covariance estimate
Z = h(y)

fz =2 W™ Z

Update

Vi = Z; — li5; Measurement pre-fit residual

Si = 2 w(Z — 1a)(Z — pu)" + Ry

K, = > w(Y — Xy-1)(Z — 11,)7]S;"; Optimal Kalman gain
X = Xep—1 + Ky ye; A posteriori state estimate

Py = Py—1 — KtSthT; A posteriori covariance estimate

Figure 1.4. Unscented Kalman Filter Algorithm.

general, we resort to Monte Carlo methods that have the potential of approximating
the target densities up to a negligible errors with adjustable Monte Carlo sample size.
Markov Chain Monte Carlo (MCMC) methods are widely used to draw approximate
samples from complex distributions in a general Bayesian framework. The target prob-
ability density is often required in closed form up to a proportionality constant, which
makes standard MCMC methods inapplicable to sample from p(z; | z1;) with an un-
known form. However, MCMC methods can be applied to draw approximate samples

from the joint smoothing distribution:

t

(o | z14) o< m(xo) [ | flaa | wamn)hlzs | 20) (1.13)

s=1
where the marginal distribution can be calculated to obtain the filter distribution.
While the Kalman filter can be extended to arbitrary transition and observation

processes thanks to Equation 1.13 in principle, it is inappropriate for many cases espe-

cially sequential observations. In a sequential estimation problem, p(z; | z1.) is often
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the objective density with a streaming data but it is not trivial to recursively update
the samples with MCMC alone. Alternative Monte Carlo methods such as sequential
importance sampling are investigated to approximate the filter densities [39]. How-
ever, the major problem of these methods is that all but one of the importance weights
approaches to zero with time, called degeneracy problem, and it becomes necessary to
recreate the samples by restarting MCMC from scratch. The whole trajectory g, must
be sampled again and the complexity increases with time, making MCMC impractical

for sequential inference.

1.1.3.1. Sequential Importance Re-sampling. Sequential Monte Carlo methods, also

known as particle filters, have been proposed to overcome the restrictions of the Kalman
Filter. Rather than approximating the objective filter probability distributions as
Gaussian, a set of possible draws, called particles, are used to represent the intractable
filter densities. These particles are sequentially updated according to the fitness of
arriving observations. The resulting method is known as the bootstrap or the Sampling
Importance Re-sampling (SIR) filter [40]. All the densities involving the latent state z;
are represented by the discrete distribution composed of Monte Carlo samples {J:gl)}f\il

with the probabilities:

o) = 5 00— al?) (1.14)

where J(-) is the Dirac delta function. The integrals with respect to this discrete density

are then approximated by the following equation:

N
1 )
E(g(¥)) = [ golple)dn = 5 Y gl - a) (1.15)
i=1
which becomes exact as N — oo by the weak law of large numbers.
The one-step predictive distribution p(x;|z1.,—1) is approximated by samples {:&ﬁ”}

that are generated from the state transition density f(x; | #¢_;). New observation z; is

used to weight the particles with the likelihood density h(y; | Z), which is ignored if the
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observation is missing. New predictive particles are sampled according to probabilities
proportional to the particle weights. Finally, the set of re-sampled draws {xiz)} are
used to approximate the filter density p(x; | 21.,). The algorithm for the SIR filter is

shown in Figure 1.5.

Initialisation from prior: {x(()i)} w 7(z0)

fort=1to T do
Prediction: Sample each particle ¢ «~ f(- | ZBEZ_)l)

Weight particles: Assign the weights to each particle and normalise them:
wi o h(z | #7) (1.16)
Re-sample particles: Draw N samples of x; with support {f:ﬁ”} and proba-

bility masses {wﬁ“ }

end for

Figure 1.5. SIR Filter Algorithm.

The SIR filter has fewer restrictions than the Kalman filter and it requires:

e Sampling from the prior m(zy),
e Sampling from the state transition distribution f(x|z;—1),

e The likelihood distribution A(z;|x;) is known up to a proportionality constant,

which can be pre-defined functions or estimated with a supervised or unsupervised

learning methods [41,42].

The filter algorithm is simple but it can perform poorly when there is a significant
difference between the regions of the state-space in the filtering density p(x;|z1.,—1) and
the likelihood h(z|x:), resulting in a set of uneven weights and few effective predictive

particles fii).
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Unlike the SIR filter algorithm re-samples the particles to create a new set of
unweighed particles, sequential MC methods that outputs weighted particles are pro-
posed. These MC methods calculates the discrete approximated density with particles
xgi) that has weight wt(i) becoming the probability mass of each particle. The integrals

calculated with respect to the density is approximated as:

B(g(¥)) = [ gopl)dn = > gla)ul? (1.17)

In the state space model, the sequential imputation can employed by sequentially
sampling =\ ~ p(zy | :c,@l,zt) with the normalised weights w{” o p(z | x,@l)wﬁ)l
Instead of re-sampling the particles at each time step, the weights are sequentially

updated, which requires p(x; | 4_1, 2;) and p(z; | z;—1) to be known.
p ) q p ) p

The Sequential Importance Sampling (SIS), a more generic method, allows an
arbitrary proposal distribution to be sampled from and accounted for by the impor-
tance weight [43]. The SIS filter does not re-sample the particles propagated through
the state equation. In the re-sampling, the weights become increasingly uneven and
the mass of a single particle dominates all the other particles that can not provide
further information. The re-sampling multiplies the particles with probability masses
corresponding to the weights and looses the particles that have small weights. The re-
sampled set of particles contains evenly distributed weights, which can lead the filter
to a worse state than before due to random process involved in the re-sampling. A
threshold value can be set to decide when to re-sample the particles by calculating the

effective sample size (ESS) with the following equation:

ESS(w;) = (Z wt(i)2> (1.18)

which is equal to maximum of N when all the weights are evenly distributed, and equal
to minimum of 1 when a single particle has all the probability mass. The ESS is useful

for independent particles and, thus, it is computed before the re-sampling. At each
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time step, the ESS is calculated and compared to a threshold size and the particles are

re-sampled if it is below the threshold.

1.2. Experimental Setup

This section demonstrates the experimental setup of the proposed study, intro-
duces the magnetically actuated soft capsule endoscope (MASCE) and explains how

the training and testing datasets were recorded.

1.2.1. Magnetically Actuated Soft Capsule Endoscopes (M ASCE)

The capsule prototype used in the experiments is a magnetically actuated soft
capsule endoscope (MASCE) designed for disease detection, drug delivery and biopsy
operations in the upper Gl-tract. The prototype is composed of a RGB camera, a
permanent magnet, an empty space for drug chamber and a biopsy tool (see Figure 2.7
and 1.7 for visual reference). The magnet exerts magnetic force and torque to the robot
in response to a controlled external magnetic field [1]. The magnetic torque and forces
are used to actuate the capsule robot and to release drug. Magnetic fields from the
electromagnets generate the magnetic force and torque on the magnet inside MASCE
so that the robot moves inside the workspace. Sixty-four three-axis magnetic sensors

are placed on the top, and nine electromagnets are placed in the bottom [1].

1.2.2. Magnetic Localization System

Our 5-DoF magnetic localization system is designed for the position and orien-
tation estimation of untethered meso-scale magnetic robots [22]. The system, which is
described in Figure 1.6, uses external magnetic sensor system and electromagnets for
the localization of the magnetic capsule robot. A 2D-Hall-effect sensor array measures
magnetic field from the magnetic capsule robot outside the workspace. Additionally,
computer-controlled magnetic coil array consisting of nine electromagnets generates
actuator’s magnetic field. The core idea of our localization technique is separation of

capsule’s magnetic field from actuator’s magnetic field. For that purpose, actuator’s
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Figure 1.6. Schematic drawing of the magnetic localization technique. A capsule
robot is manipulated by an external magnetic coil array consisting of nine

electromagnets [1].

magnetic field is subtracted from the magnetic field data which is acquired by Hall-
effect sensor array. As a further step, second-order directional differentiation is applied

to reduce the localization error [22].

1.2.3. Monocular Visual Odometry

For every input RGB image, we create its depth image using the source code
of the perspective shape-from-shading under realistic lighting conditions project [44].
Once perspective shape from shading based depth map for the input image is obtained,
the framework uses both RGB and depth map information to jointly estimate camera
pose. An energy minimization based pose estimation technique is applied containing

both sparse optical flow (OF) based correspondence establishment, and volumetric and
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Figure 1.7. Actuation system of the MASCE [1].

photometric dense alignment establishment [45-47]. Inspired from the pose estimation

strategies proposed by [45-47], for a parameter vector
X = (Roytos s Rys), tys)) " (1.19)

for | S| frames, the alignment problem is defined as a variational non-linear least squares
minimization problem with the following objective, consisting of the OF based pixel
correspondences and dense jointly photometric-geometric constraints [45-47]. Outliers
after OF estimation are eliminated using motion bounds criteria, which removes pixels
with a very large displacement and too different motion vector than neighbouring

pixels. The energy minimization equation is as follows:

Ealign (X) = wsparseEsparse(X) + wdenseEdense(X) (120)



Table 1.1. Endoscopic camera specifications used for the experiments.

(a) Awaiba Naneye Endoscopic Camera.

(b) Misumi-V3506-2ES camera.

Specifications Specifications
Resolution 250 x 250 pixel Resolution | 400 x 400 pixel
Footprint | 2.2 x 1.0 x 1.7 mm Diameter 8.2mm
Pixel size 3x 3 um? Pixel size | 5.55 x 5.55 um?
Frame rate 44 fps Frame rate 30 fps

(¢) Misumi-V5506-2ES camera.

(d) Potensic Mini Camera.

Specifications Specifications
Resolution | 640 x 480 pixel Resolution | 1280 x 720 pixel
Diameter 8.6 mm Diameter 8.8 mm
Pixel size | 6.0 x 6.0 um? Pixel size | 10.0 x 10.0 um?
Frame rate 30 fps Frame rate 30 fps
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where, Wsparse aNd Wyense are weights assigned to sparse and dense matching terms and
Esparse (X) and Egense(X) are the sparse and dense matching terms, respectively, such

that:

S| IS]

Esparse (X) = Z Z Z

=1 j=1 (k1) € C@4,J)

17 P — 75 Py (1.21)

Here, P | is the k™ detected feature point in the i-th frame. C(i,j) is the set of all
pairwise correspondences between the i-th and the j-th frame. The Euclidean distance
over all the detected feature matches is minimized once the best rigid transformation
7; is found. Dense pose estimation is described as follows [45-47]:

Edense(T) = wphotoEphoto(T) + wgeoEgeo<7_) (122)
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Figure 1.8. The transformations between different frames at pose ¢ and pose i + 1 [2].

where,
1]
Eporo(X) = > > [[liw I (w (7 )| (1.23)
(1,j) € E k=0
and,
|Dil
Egeol N Il — 7750 (D (73 3k 1)) (1.24)
(i,j) € E k=0

with 7; being rigid camera transformation, Py the k'™ detected inlier point in 4t®

frame, and C(4,j) being the set of pairwise correspondences between the ith and j*
frame. In Equation 1.20, wgense 18 linearly increased; this allows the sparse term to first
find a good global structure, which is then refined with the dense term (coarse-to-fine
alignment [45]). Using Gauss-Newton optimization, we find the best pose parameters
X which minimizes the proposed highly non-linear least squares objective. for further

details, the reader is referred to [2].
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1.2.4. Hand-eye Calibration

To relate measurements made by the magnetic sensor array and capsule cam-
era, first the transformation between the coordinate systems of both sensors has to
be estimated. For that purpose, we make use of dual quaternion based hand-eye cali-
bration method proposed by [48], which relies on the invariance of the angle and the
pitch provided by the dual quaternion parametrization. We denote by X the trans-
formation from magnetic sensor to capsule camera, by A; the transformation matrix
between camera frame ¢ and frame ¢ + 1 , and by B, the transformation matrix from
ring magnet pose ¢ to ring magnet pose ¢ + 1. Figure 1.8 illustrates the schema of our
sensor-to-sensor transformation approach. For solving the transformation problem, we
collect 20 different capsule robot pose values, which gives us 20 different instances
of the equation AX = XB with the unknown transformation matrix X. Magnetic
sensor delivers 50 Hz data, whereas camera has 30 fps data frequency. For a tight syn-
chronization of camera and magnetic sensor outputs, we use global world clock of the
operation PC, where a very tiny difference of milliseconds still remains, which is solved
by interpolation of values in-between. Since the magnetic localization system is 5-DoF
and visual odometry delivers 6-DoF localization, we assign for the 6th degree of the
magnetic localization the angle 0° as it is an independent rotational parameter since it
has no influence on the other 5-DoF. Using SVD (Singular Value Decomposition), we

solve the equations and determine the magnetic-to-camera transformation matrix X.
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2. MULTI-SENSOR FUSION WITH SWITCHING
STATE-SPACE MODEL

The statistical Bayesian filtering method is employed to compute the posterior
probability density function (pdf) of observations or sequentially obtained state vectors

X; € X of sensor measurements. The model can be described as:

x; = f(x¢—1,V¢) (2.1)

where f is a non-linear state transition function and v¢ is a white noise. ¢ is the index

of a time sequence, t € {1,2,3,...}.

6-DoF pose state estimation with a high precision is a complex problem, which
often requires multi-sensor input or sequential observations. In our capsule, we have
two sensor systems, one being a 5-DoF magnetic sensor array and the other one being
an endoscopic monocular RGB camera (these subsystems are described later). Those
observations can be represented as zj,(k = 1,...,n), where n is the number of sensors

with the probability of each observation p(zy¢|x;).

2.1. The Sequential Bayesian Model and Problem Statement

We estimate the 6-DoF pose states which rely on latent (hidden) variables by
using the Bayesian filtering approach. The statistical conditional relations between
all of the variables is shown in the probabilistic graphical model (see Figure 2.1). The
hidden variables of sensor states are denoted as sj ;, which we call switch variable, where
skt € {0,...,dg} for k =1,...,n. dj is the number of possible observation models, e.g.,

failure and nominal sensor states. The observation model for zj; can be described as:
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: >T|'me

Figure 2.1. The overall switching state-space model. Observable variables and

hyper-parameters are denoted by double circles and gray circles, respectively.

Z = hk,sk’t,t(xt> T Whsp ot (2.2)

where hkvskmt(xt) is the non-linear observation function and wy, , ; is the observation
noise. The latent variable of the switch parameter s, is defined to be 0 if the sensor is
in a failure state, which means that observation z;; is independent of x;, and 1 if the
sensor k is in its nominal state of work. The prior probability for the switch parameter

s+ being in a given state j, is denoted as ay;; and it is the probability for each sensor

to be in a given state:

Pr(sge=j) = 0<j<d; (2.3)
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where ay;; > 0 and Zji 0Ok = 1 with a Markov evolution model. The objective
posterior pdf p(xo., S1., ¥0:¢|Z1.4) and the marginal posterior probability p(x;|z1.) , in
general, cannot be determined in a closed form due to its complex shape. However,
sequential Monte Carlo methods (particle filters) provide a numerical approximation
of the posterior pdf with a set of samples (particles) weighted by the kinematics and

observation models.
2.2. Proposal Distributions

In this section, we formulate the optimal proposal distributions in terms of min-
imizing the variance of the weights and effective approximations, in cases where sam-
pling from the optimal distributions is not feasible. The particles are extended from
time ¢t — 1 to time t according to the proposal distribution denoted by ¢(-).

o (x| xg?l, o), égi),zt) is approximated by an unscented Kalman filter (UKF)

step:
NOBENO) 2(1) 7-(3) ~ (4)
Xie = Xgje—1 + Z Sk,th,th,t
k=1
where fcgfz_l = f( §"_)1), n is the number of sensors, ﬁ,(jz is the residual, and K ,Efi

is the Kalman gain sequentially obtained by UKF. Finally,

0 pl)

Q(Xt | Xg?la O—ZU(i)7 §§Z)7 Zt) = N(Xt; )A(t|t’ t|t )

where the error covariance matrix, P},

e 18 obtained by the UKF step with the

process noise of o,
e In switching state-space models, the switch parameters with self-adaptive prior
are more efficient than a fixed prior approach [49,50]. The optimal proposal

distribution for switch variable that represents the state of a sensor is given by
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a](jalk,t,tflp(zk,t|8k7t7 XEZ_)l)
d * —-
Z]io @Xlk’t,t—lp(zk,tbu Xl(g?l)

(2.4)

Pr(sialx”, o) zh,) =

which is approximated by applying UKF to pdfs p(zj |7, xgi_)l) for 7 =0,...,d;

P(znlg, x)) = N (higa(@l) ), SP) (2.5)

where i‘gﬁ_l = f( 91) is the state prediction and S,(;;t is the approximated inno-

vation covariance matrix approximated by UKF. Hence, the proposal distribution

for the switch parameter s, is given by

q(sk7t|x§1_)1, Oé;(f,)tfla Zkﬂf) X Oél(cl,?sk,tfl'/v’(hkvskvt—l(:%1512—1)7 Sl(i)skt) (2.6)

The optimal proposal distribution for the hyperparameter oy, ; is calculated in

closed form as

q(logws,t)\a,iii,a,iii_l,o:,i‘ll)
D (O‘l(:,?t; Ug,t%?t—l)

(@), _« (4)
D (ak,t’ Uk,tlak,tl)

(2.7)

N (1°g<as,t>;log<az?1>>A”‘)'

We generate samples from the distribution with Adaptive Rejection Sampling
(ARS) method since direct sampling is not feasible [51]. Using ARS, the need for
locating the supremum diminishes because the distribution is log-concave. An-
other advantage of ARS is that it uses recently acquired information to update
the envelope and squeezing functions, which reduces the need to evaluate the
distribution after each rejection step. Figure 2.2 shows an ARS sampling result

indicating the effectiveness of the applied sampling method for the proposal dis-
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Figure 2.2. Example ARS sampling result for log(oy,). The piecewise hull and the

generated samples are shown.

tribution. It can be seen in Figure 2.2 that a tight piecewise hull has converged
to the target distribution after rejection steps and interior knots are regenerated
in the vicinity of the expected values.

e Considering that the Dirichlet distribution is conjugate to the multinomial dis-
tribution, the optimal proposal distribution for the confidence parameter oy, can
be reformulated in a closed form as a Dirichlet distribution with a decreasing

variance parameter for failure sensor states.

2.3. The Particle Filter Algorithm

The synchronized sensor measurements delivered by the visual odometry system
and the magnetic localization system are used to sequentially update the proposed
multi-sensor fusion model. The corresponding particle filter method with the initial-
ization, sequential update and the re-sampling parts is described in Figure 2.3, Figure

2.4 and Figure 2.5, respectively.
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Initialization

for:=1to N do

Sample: a:(()i) ~ po(zo)

)

Sample: sample a(()i ~ po(0)

Sample: sample oz((f) ~ po(a0|cr(()i))
Initial weights: w” « (1/N)

end for

Figure 2.3. Initialization of the particle filter algorithm used in the multi-sensor

fusion model.

2.4. RNN-based Kinematics Model

Existing sensor fusion methods based on traditional particle filter and Kalman fil-
ter approaches have their limitations when applied to nonlinear dynamic systems. The
Kalman filter and extended Kalman filter assume that the underlying dynamic process
is well-modeled by linear equations or that these equations can be linearised without
a major loss of fidelity. On the other hand, particle filters accommodate a wide vari-
ety of dynamic models, allowing for highly complex dynamics in the state variables.
In the last years, deep learning (DL) techniques have been dominating many com-
puter vision and sequential learning related tasks with promising results, e.g., object
detection, object recognition, classification problems, time series estimations, natural
language processing etc. Contrary to these high-level tasks, multi-sensory data fusion
is mainly working on motion dynamics and relations across sequence of pose observa-
tions obtained from sensors, which can be formulated as a sequential learning problem.
Unlike traditional feed-forward artificial neural networks, RNNs are very suitable for
modelling the dependencies across time sequences and for creating a temporal mo-
tion model since it has a memory of hidden states over time and has directed cycles
among hidden units, enabling the current hidden state to be a function of arbitrary
sequences of inputs (see Figure 2.6). Thus, using RNN, the pose estimation of the

current time step benefits from information encapsulated in previous time steps [52],
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Sequential updates:
fort=1to T do

fori=1to N do

Sample the sensor state variable 5,@

Sample the state vector z\” ~ q(xt|x,@1, §§i)1, Z)
() @ ()

Sample the probabilities &, ~ q(at|a§i_)1, 5;71,0,2)

Sample the hyperparameter vector &\ ~ q(at|at_1, al?, agl)l)

~q(sidx ), ol ze)

end for
fori=1to N do
Weight update: Sequentially update the weights of the particles with the

following equation:

o <zt|xt ) 5 p(a ‘“|ai~“’ )
o Wiy ) @
(Xt|xt 178t 1:Zt) (St|xt 15 O~

lvzt)

p(st |O‘t )p(at )|at—1>‘7t |Ut

g(@1a" Vq(oro ™, @, o))

Weight normalization: S o =1
end for

end for

Figure 2.4. Sequential updates of the particle filter algorithm used in the multi-sensor

fusion model.
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Resampling
Compute ESS(w;) and decide a threshold 7, e.g., n = 0.8 x N
if £SS(w;) <n then
Re-sample the particles.
Reset the weights of the resulting particles xgi) with wti) =1/N
else
Rename the particles: xgi) — fcii)

end if

Figure 2.5. Re-sampling method of the particle filter algorithm used in the

multi-sensor fusion model.
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Figure 2.6. Data flow through the hidden units of the LSTM [3].
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which is suitable to formulate the state transition function f in Equation 2.1.

The training data is divided into input sequences of length 50 and the slices are
passed into the RNN modules with an expectation that RNN predicts the next 6-DoF
pose value. Long Short-Term Memory (LSTM) is a suitable implementation of RNN
to exploit longer trajectories since it avoids the vanishing gradient problem of RNN
resulting in a higher capacity of learning long-term relations among the sequences by
introducing memory gates such as input, forget and output gates, and hidden units of
several blocks. The input gate controls the amount of new information flowing into the
current state, the forget gate adjusts the amount of existing information that remains
in the memory, and the output gate decides which part of the information triggers the
activations. The folded LSTM and its unfolded version over time are shown in Figure
2.6 along with the internal structure of a LSTM memory cell. Given the input vector
x), at time k, the output vector hyp_; and the cell state vector ¢,_; of the previous

LSTM unit, the LSTM updates at time step k£ according to the following equations:

fo = oWy - [k, hiea] + b)

i, = o (Wi - [zk, hg—1] + b;)

g, = tanh(Wy - [xg, hi—1] + by)
Ck = i © k-1 + ik © gi

op = oWy - [zk, hx—1] + bo)

hi = o ® tanh(cy)

where o is sigmoid non-linearity, tanh is hyperbolic tangent non-linearity, W terms
denote corresponding weight matrices, b terms denote bias vectors, ® is the Hadamard
product, ig, fr, g, cx and op are input gate, forget gate, input modulation gate, the

cell state and output gate at time k, respectively [3].
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Figure 2.7. Experimental setup [4].
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The back-propagation algorithm is used to calculate the gradients of RNN weights,
which are passed to the Adam optimization method to compute adaptive learning rates
for each parameter employing the first-order gradient-based optimization of the stochas-
tic objective function [53]. In addition to saving exponentially decaying average of past
squared gradients, vy, Adam optimization keeps exponentially decaying average of past

gradients, m, that is similar to momentum. The update equations are given as

(mye)i = Br(mi—1)i + (1 = B1)(VL(WL)); (2.9)

(v)i = Ba(vi-1)i + (1 = Bo) (VL(WA)); (2.10)

(Wit1)i = (W) — (2.11)

where we used default values proposed by [53] for the parameters 51, 8; and e: 5; = 0.9,
By =0.999 and € = 1075.

2.5. Dataset

We created a training dataset, which was recorded on five different real pig stom-
achs (see Figure 2.7). To ensure that our algorithm is not tuned to a specific camera
model, four different commercial endoscopic cameras were employed. For each pig
stomach-camera combination, 2,000 frames were acquired which makes for four cam-
eras and five pig stomachs 40,000 frames, in total. Sample real pig stomach frames
are shown in Figure 2.8 for the visual reference. During video recording, Optitrack
motion tracking system consisting of eight Prime-13 cameras and a tracking software
was utilized to obtain 6-DoF' localization ground truth data in a sub-millimeter preci-
sion (see Figure 2.7), which was used as a gold standard for the evaluations of the pose
estimation accuracy. We divided our dataset into two groups. First group consisting

of 30,000 frames was used for RNN training purposes, whereas the last 10,000 frames
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Figure 2.8. Sample frames from the dataset used in the experiments [4].

were used for testing, which were not used for the training section.
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3. EXPERIMENTS AND RESULTS

LSTM module was trained using Keras library with GPU programming and
Theano back-end. Using back-propagation-through-time method, the weights of hid-
den units were trained for up to 200 epochs with an initial learning rate of 0.001.
Overfitting was prevented using dropout and early stopping techniques. Dropout reg-
ularization technique introduced by [54] is an extremely effective and simple method
to avoid overfitting. It samples a part of the whole network and updates its param-
eters based on the input data. Early stopping is another widely used technique to
prevent overfitting of a complex neural network architecture which was optimized by

a gradient-based method.

The performance of the proposed multi-sensor fusion approach was analysed by
examining posterior probabilities of the switch parameters s;; (see Figure 3.2), the
minimum mean square error (MMSE) estimates of oy (see Figure 3.3) and evolution
of the hyper-parameter o, (see Figure 3.4). Moreover, for various trajectories with
different complexity levels of motions, including uncomplicated paths with slow incre-
mental translations and rotations, comprehensive scans with many local loop closures
and complex paths with sharp rotational and translational movements, we analysed
both the localization accuracy and the fault detection performance of our multi-sensor
fusion approach (see Figure 3.1 and 3.5). Additionally, we compared the localization
accuracy of the multi-sensor fusion approach with the visual localization and magnetic

localization (see Figure 3.5) using RMSE.

The results in Figure 3.2 and Figure 3.3 indicate that the sensor states are accu-
rately estimated (visual localization fails between 14-36 seconds and magnetic sensor
fails between 57-76 seconds. Both failures are detected successfully.), and the MMSE is
kept low, thanks to the switching option ability from one observation model to another
in case of a sensor failure. In our model, we do not make a Markovian assumption
for the switch variable s;; but we do for its prior aj,, resulting in a priori dependent

on the past trajectory sections, which is more likely for the incremental endoscopic
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Figure 3.1. Sample trajectories comparing the multi-sensor fusion result with ground

truth and sensor data.
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Figure 3.2. Posterior probability of s;; parameter for endoscopic RGB camera (top)

and for magnetic localization system (bottom). The switch parameter, s, reflects

the failure times accurately.
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Figure 3.3. The minimum mean square error (MMSE) of oy, for endoscopic RGB

camera (top) and for magnetic localization system (bottom).
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Figure 3.4. Evolution of the of, parameter for the sensors. oy, does not tend to

increase during sensor failure periods.

capsule robot motions. Our model thus introduces a memory over the past sensor
states rather than simply considering the last state. The length of the memory is
tuned by the hyper-parameters oy, leading to a long memory for large values and
vice-versa. This is of particular interest when considering sensor failures. Our system
detects automatically failure states. Thus, the confidence in the RGB sensor decrease
when visual localization fails recently due to occlusions, fast-frame-to frame changes
etc. On the other hand, the confidence in magnetic sensor decreases if the magnetic
localization fails due to noise interferences from environment or if the ringmagnet has

a big distance to the magnetic sensor array.

The results depicted in Figure 3.1 indicate that the proposed model clearly out-
performs magnetic and visual localization approaches in terms of translational and
rotational pose estimation accuracy. The multi-sensor fusion approach is able to stay
close to the ground truth pose values for even sharp crispy motions despite sensor
failures. Even for very fast and challenging paths that can be seen in Figure 3.1(c)
and 3.1(d), the deviations of sensor fusion approach from the ground-truth still remain
in an acceptable range for medical operations. We presume that the effective use of

switching observations and particle filtering with non-linear motion estimation using
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LSTM enabled learning motion dynamics across time sequences very effectively.
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4. CONCLUSIONS

Several filtering methods have been proposed to obtain more accurate and com-
putationally feasible sequential filters till date. The most popular, promising and novel
filtering techniques for endoscopic capsule robots are discussed in the thesis. In the
estimation problems, the Bayesian filters have been widely used since the first develop-
ment of linear and Gaussian filters. The Kalman filter provides the optimal solution for
the inference in dynamic linear-Gaussian systems with respect to MMSE. The optimal
Kalman filter fails for the dynamical systems that has non-linear and non-Gaussian
densities. Several extensions to the Kalman filter have been investigated to relax the
linearity conditions of the filter such as EKF and UKF. In order to address the non-
linear and non-Gaussian distributions, sequential Monte Carlo (SMC) based filters
have been proposed as a promising solution, which comes with a computational cost.
Thanks to the computational advances in the last decades, the SMC based filtering
methods have been feasible, which are more robust than the Kalman filter methods.
However, SMC based filters still requires the observation and the transition densities
of the model to be defined. In many real world applications, the true densities may
not have a mathematical mode, resulting in a lack of closed form solution. Specifically,
linear motion assumptions of the traditional Kalman filter do not hold for endoscopic
capsule robots. The non-linear motion model of the endoscopic capsule robot can be
learned by a recurrent neural network from data. Following the success of the deep
learning approaches in various domains in the recent years, these approaches have at-
tracted attention in the estimation of the observation and transition models for the
filtering algorithms. The LSTMs are able to capture both linear and non-linear motion
of the endoscopic capsule robot without any assumptions about the type of motion
of the robot. Furthermore, the LSTM incorporates a sliding window of the previous
motion history during the learning to predict the next position of the robot thanks to
the recurrent nature of the deep neural network. The LSTM is trained in a unique
way to predict the next position of the mobile robot based on motion dynamics stored
in the previous state of the robot. The LSTM estimation is input into a particle filter

framework, which solves a critical challenge in the sensor fusion task predicting target
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motion from noisy measurements delivered by the sensors attached to the robot.

In this study, we presented, to the best of our knowledge, the first particle filter
based multi-sensor data fusion approach with a sensor failure detection and observation
switching capability for endoscopic capsule robot localization. An LSTM architecture
was used for non-linear motion model estimation of the capsule robot. The proposed
system results in sub-millimetre scale precisions both for translational and rotational
motions and outperforms both visual and magnetic sensors based localization tech-
niques. As a future step, we consider to integrate a deep learning based noise-variance
modelling functionality into our approach to eliminate sensor noise more efficiently.
Moreover, in the kinematics modelling part of this work, the motion information is
utilized to learn the dynamics, disregarding visual features of the endoscopic capsule
robot. Features corresponding to motion characteristics of the robot can be incorpo-
rated from the endoscopic images, such as SURF, ORB features and features learned

by a deep learning architecture, to improve measurement robot association.
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