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Abstract

Real-time Neural Force Estimation and Model-free Control of Interventional Catheters

Hamidreza Khodashenas

One of the most common forms of heart arrhythmia is atrial fibrillation, a disorder caused by

the uncoordinated electrical distribution of heart muscle. Catheter ablation is an effective treatment

of choice for this heart disorder that destroys the arrhythmogenic spots in the heart muscle to recover

the normal beating of the heart. To perform this minimally invasive surgery, the surgeon inserts a

flexible and steerable wire-like tool, called ablation catheter into the cardiovascular system of the

body. After reaching the target spot inside the heart chamber, the surgeon or robotic system pushes

the catheter’s tip against the heart tissue. Afterward, the heat generated by the embedded electrode

at the tip of the catheter burns the target spot. A properly controlled catheter-tissue contact force

(CF) results not only in a safer procedure, but also considerably increases the success of treatment.

To this end, the main motivation of the present thesis is to propose an accurate learning-based CF

estimator and then use it in a control loop. This research is a proof of concept for estimating and

controlling the CF. An experimental setup was designed in an attempt to mimic the ablation surgery.

Firstly, a vision-based method using machine learning model is proposed in order to estimate the CF

without using a sensor at the tip of the catheter. This model requires the image of bending section of

catheter to output the CF. The real image should come from the X-ray machine in the operating room

but to simulate the X-ray imaging system, in this research, a camera was implemented. This real-

time and sensor-free technique provides acceptable accuracy when estimating the CF of standard

catheters. A catheter manipulator mechanism is implemented to control the CF at the desired value.

The feedback element of the control loop is the mentioned vision-based force estimator. In addition,

an adaptive imaging system including a robotic arm and camera is implemented to track the catheter

for force control.
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Chapter 1

Introduction

1.1 Background

1.1.1 Cardiovascular Diseases

Cardiovascular Diseases(CVDs) as one of the main reasons of worldwide mortality are affecting

at least 17 million people annually [1]. According to the report of the Center for Disease Control

and Prevention of the United States(CDC), every 36 seconds, one person dies in the United States

due to cardiovascular failures [2]. Among cardiac disorders, atrial fibrillation (AF) is the most

common type caused by faulty electrical signal distribution within the heart. A recent report from

the American Heart Association estimates that the prevalence of AF in the US will reach 13.1

million in 2023, and 17.9 million in the EU by 2060 [3].

Electric pulses through the heart muscles regulate the heart’s pumping functionality or cardiac

cycle. As shown in Figure.1.1, the sinus node located in the right atrium of the heart functions

as a natural pacemaker specialized to generate signals to be transferred into the cardiac electrical

pathway. The atrioventricular node (AV node) in the right atrium slows down the generated action

potential before it reaches the heart’s electrical network to ensure that contractions perform at the

normal time [4]. In the event of failure of this distribution network, a heart abnormality may occur.

As a result of erratic electrical pulses, AF is treated as an abnormality of the heart beating. The
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Figure 1.1: The heart’s electrical signal distribution. The electrical potential starts from the sinoa-
trial(SA) node and travels through the heart muscle. Due to arrhythmogenic spots of heart tissue,
the erratic impulses occur.

risk of stroke and related cardiac problems is high in patients with AF, which is justified as a 21st-

century global epidemic [5, 6]. Figure.1.1 illustrates some arrhythmogenic spots inside of the heart

causing the irregularity in heart beating. Consequently, the impaired signals are transmitted through

the electricity network since these spots block normal transmission of electrical signals [7].

1.1.2 Treatments

After identifying the reason for heart arrhythmia, proper treatment should be taken. To manage

AF, three treatment strategies are considered including stroke prevention, sinus rhythm control,

and heart rate control during AF. In general, The corresponding treatment choices for all of these

strategies fall into two methods: Pharmacological and Non-pharmacological therapy[8].

In spite of the fact that the first-line pharmacological treatment for AF is anti-arrhythmic and

rate-control drugs, non-pharmacological treatments, such as ablation therapy, showed superior re-

sults in terms of recurrence of AF[8]. In this regard, Wazni et al.[9] conducted a randomized clinical
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trial of 70 patients who suffered from AF and showed that ablation therapy works better than drugs

in treating AF. In this study, among the patients who received anti-arrhythmic drugs, 63% had re-

currences of AF, whereas just 13% of those who received ablation had recurrences.

Minimally invasive surgery(MIS) due to its benefits such as lower hospitalization period, lower

blood loss, and infection is the procedure of the choice for many surgeons[10]. Ablation therapy is

an MIS for destroying (ablating) the target spots of the heart muscle causing electrical disturbances.

It involves inserting a flexible wire-like tube into the cardiovascular system of the body through a

small skin incision in order to reach the locations of the arrhythmia inside the heart[11]. This tube

is known as an ablation catheter, which transfers energy to the area of interest for ablation[12]. The

ablation catheter’s tip is equipped with an electrode that is connected to a radio frequency (RF)

generator device outside of the patient’s body, as demonstrated in Figure.1.2, RF employs electric

current in a specific frequency range to heat tissue surrounding the catheter’s electrode and as the

result, the heated region can be destroyed[12].

As part of the heart ablation procedure, the surgeon inserts a catheter into a blood vessel, usually

a femoral vein, and steers it to the heart. An actuating knob on a tendon-driven catheter can be

rotated from outside the body of the patient in order to control the tip’s location[13]. To ablate the

tissue, the surgeon applies the adequate tissue-tip force known as contact force and activates the RF

generator for a determined time. To ensure that all arrhythmic areas in the heart are ablated, this

procedure should be repeated for all detected spots[14].

1.1.3 Robotic-assisted surgery

The ablation surgery performs under a X-ray imaging system. The fluoroscopy imaging system

captures real-time images from the patient that allows the surgeon to track the catheter[15]. In

addition, an electroanatomical mapping system (EAM) displays heart arrhythmia spots in a color-

coded representation using 3D reconstruction techniques as shown in Figure.1.3 [16].

While fluoroscopy systems are advantageous in catheterization procedures, x-ray exposure may

lead to some health risks for both patients and physician[17]. Ablation surgery takes about four

hours from catheter insertion to ablation therapy termination, with an hourly risk for cancer and

3



Figure 1.2: Radio-frequency ablation treatment for atrial fibrillation. An ablation catheter is inserted
into the cardiovascular system of the body from the femoral vein of the leg to access the target spots
inside the heart chamber

genetic defects for all people under the exposure[18]. To overcome these health risks for the sur-

geon and patient, robotic-assisted surgery has been implemented[19]. In recent years due to the

considerable advantages of robotic systems in surgery, these systems have been used in a variety of

operations such as minimally invasive cardiac, gynecology, orthopedic, and laparoscopy[20, 21, 22].

In comparison with open surgery, minimally invasive robotic surgeries offer some remarkable ben-

efits consisting of:

• Low risk of infection and blood loss due to small incision size

• Faster patient recovery resulting in shorter hospitalization

• Greater vision for the surgeon because of enhanced visualization systems

• Enhanced precision of the surgical procedure

• The possibility of performing live broadcasting of surgery with more expert surgeons[23]

4



Figure 1.3: The Cartounivu ® mapping system showing the catheter and abnormal spots of heart.
(Biosense Webster Inc., California, USA)

• The capability of telerobotic surgeries

Following is a brief review of three well-known robotic systems for different types of surgeries:

Da Vinci robotic system by Intuitive Surgical Inc., known as the most common system in med-

ical applications. The FDA (Food and Drug Administration) approved this system in 2000, which

consists of a surgeon’s console and robotic arms. The surgeon can move the robotic arms with hap-

tic joysticks in the console to perform the surgery. The console is equipped with a screen to provide

a clear view from the camera of the robot for the surgeon. Furthermore, depending on the type of

procedure, a variety of surgical tools such as scissor, scalpel, and grasper could be attached to the

end effector of robotic arms to be used by the surgeon[24]. It is also noticeable that, in an attempt

to train surgeons, the system is capable of simulating surgical procedures.

Ion by Intuitive Surgical Inc. is another newly approved system that allows surgeons to per-

form minimally invasive lung biopsy surgery. This system is equipped with an actuatable ultra-thin

catheter that goes into the airways and reaches the target area inside the lung. The flexible catheter

helps surgeons to reach the spots in the lung that are not accessible easily[25].

In orthopedic operations, MAKO by Stryker Inc. is a robotic platform that can assist surgeons

with knee and hip procedures. By using CT images of the patient, this system can pre-plan the

surgery in such a way that the implants are positioned accurately. Before starting the surgery,

the surgeon can review the procedure for some modifications and finally during the surgery the

robotic arm just allows the physician to perform the surgery in the defined boundaries[26]. As the
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Figure 1.4: Da Vinci robotic system(Intuitive Inc., California, USA)

Figure 1.5: Ion platform(Intuitive Inc., California, USA)

6



Figure 1.6: Mako robotic arm system (Stryker Inc., Michigan, USA)

result, due to the navigation and assistance of the robotic arm in this system, the outcome improved

considerably and this system is known as a valuable platform for surgeons[27].

1.1.4 Robotic systems for cardiac ablation surgery

As described earlier, ablation surgery has been known as the most promising and acceptable

method for treating AF. This surgery usually performs under x-ray exposure using some devices

such as catheters, guide wires and sheaths[28]. The skill of the surgeon in maneuvering the catheter

to reach the spots of interest and also haptic feedback are important factors in this surgery[29].

To increase safety, and operation improvement in some cases and also reduce the radiation risks,

the master-slave robotic systems have been developed[30, 31, 32]. Biase et al.[33] conducted a

clinical study among 390 patients to compare manual ablation therapy using conventional catheters

with robotic-based catheterization systems. The final findings indicate that the success rate in the

robotic navigation system is slightly higher than manual ablation and also fluoroscopy time was

considerably lower in robotic-based operation. Due to the promising results of mentioned platforms,

in recent decades, ablation control systems have been approved by FDA as a safe and effective

7



Table 1.1: Commercially available robotic-assisted ablation surgery systems

System Company FDA approval* Specifications

Sensei Hansen Medi-
cal, Inc.(USA)

2008 A custom-designed steerable catheter is im-
plemented in an electromechanical system
and the surgeon actuates the catheter with a
3 dimensional joystick

CorPath Corindus
Inc.(USA)

2012 A manipulation system actuates a standard
catheter into the body and it can be controlled
remotely by dedicated joysticks of its console

Amigo Catheter Preci-
sion Inc. (USA)

2012 3 degrees of freedom manipulator that uses a
standard catheter controlled by a remote han-
dle similar to a conventional catheter’s handle

Niobe Stereotaxis Inc.
(USA)

2002 A magnetically controlled system consisting
of a specially designed catheter that is steered
remotely by the magnetic field around the pa-
tient

* The approval date in FDA database

method for the treatment of AF.

On the master side of the robotic platforms, the surgeon operates the console by hand joysticks

or foot pedals to control the mechanical mechanism on the slave side. Moreover, the console’s

monitors provide different views of the patient’s body with some essential data, such as the param-

eters of the RF generator. On the slave side, regarding navigation technology, robotics-based AF

surgery is classified into two kinds of platforms. The first one uses magnetic field vectors to control

the position of the catheter inside the patient’s body. In this system, external magnets actuate the

custom-designed catheter. On the other hand, the second platform utilizes electromechanical mech-

anisms to operate the standard available catheters. In this system, a mechanism steers a catheter

similar to the movements of the surgeon’s hand. Table.1.1 compares some available commercial

systems in this area:

The Sensei robotic system is a master-slave platform consisting of a mechanism mounted on the

operating room’s table to control a catheter and also a 3-DOF hand-operated joystick on the console

side. The electromechanical unit steers a dedicated guide sheath (a flexible hollow tube) into the

8



cardiac system to reach the spot of interest and then it inserts a standard catheter for the operation

such as ablation[34]. This system provides catheter stability during the procedure but because of

the rigidity of the guide sheath, the mechanical complication is a noticeable risk[35].

The CorPath as a robotic system for cardiac intervention allows the physician to sit in a shielded

area to actuate a catheter inside the patient’s body by joysticks. In addition, the catheter or guide

wire( a solid flexible wire for the guidance of insertion) can only be maneuvered with a customized

mechanism, which is not compatible with all types of cardiac catheters.

The Amigo is a remotely controlled system including a mechanical assembly mounted on the

patient’s table and also a handle that mimics the standard catheter’s handle. The user in a radiation-

safe environment can hold the remote controller similar to the handle of conventional catheters and

perform the surgery. This handle system can provide force feedback information of the catheter’s

tip contact force if it is equipped with sensor-embedded catheters[36].

The Niobe system is a magnetically guided setup that two external magnets on two sides of the

patient navigate the custom-designed catheter. Navigation of the catheter with embedded magnets

can be achieved by moving and rotating the large external magnets to change the magnetic field

vectors. The Niobe catheter is soft and reduces the risk of perforation compared with standard

catheters, but it takes longer to ablate[37].

In this section, well-known robotic platforms for cardiac ablation have been briefly reviewed but

important parameters corresponding to the perfection of ablation spots have not been considered. In

the following section, considerable parameters for the success of ablation surgery will be mentioned.

1.1.5 Ablation lesion’s formation and importance of contact force

During the radio frequency (RF) ablation, the generated thermal energy is delivered to the heart

tissue, resulting in destroying(ablation) the area under the catheter’s tip(electrode)[38]. In this pro-

cedure, the surgeon activates the RF generator device for a defined period when it is confirmed that

the catheter’s tip has the proper contact with the tissue. The success of ablation is associated with

the proper lesion size and the main goal of ablation is to create an optimal volume of lesion[39].

There are different methods to increase the lesion size during the ablation such as enlarging the

electrode’s diameter and increasing the temperature of tip[39]. The larger diameter needs a higher
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power source to increase the lesion size, although biological features such as tissue thickness, tissue

structure, and blood flow can affect on tip’s scar on tissue.[40] More clearly, if the larger electrode is

used, the higher temperature should be set, and also for the smaller electrode, the physician should

increase the temperature to finally ablate more volume under the tip. Although increasing the tem-

perature can ablate more tissue volume, this method has a limitation known as ”steam pop”. In

this condition, if the tip’s electrode reaches 100◦C, intramyocardial steam will be formed causing

cardiac perforation [41].

Despite the fact that the above-mentioned parameters affect the formation of the lesion, another

significant factor which is catheter-tissue contact force (CF) is a key to control the creation of ablated

spots[42]. Clinical studies show that CF is a determinative feature of lesion creation and also its

proper control engenders the sustainability and success of the treatment[43, 44, 45]. The reason

behind the importance of adequate CF is that the electrical current passes more efficiently into the

tissue to create the ablation scar and also the electrode sliding will be reduced, leading to improved

tip localization [46].

As described in the previous sections, during the ablation procedure, typically the physician

steers a sheath (a hollow flexible tube) by insertion, handle rotation, and knob actuation manually or

remotely to reach the target spot. Afterward, the ablation catheter will be inserted to apply the force

to the target consequently. Figure 1.7(a) illustrates the handle of a bi-directional ablation catheter

(Boston Scientific Blazer II XP) in which the knob is for the actuation of the catheter’s tip and distal

shaft. The distal shaft of this catheter, shown in Figure.1.7(b), is actuatable in 2 directions that helps

the surgeon to steer the catheter correctly. And also, Figure.1.7(c) depicts a hollow sheath(Boston

Scientific DIREX steerable sheath) that should be inserted before the ablation catheter which has

the same mechanism and structure.

1.1.6 Problem definition based on the clinical need

According to mentioned clinical reviews and studies, the CF plays an important role in the

ablation procedure. It is a key parameter in the formation of the lesion and its proper control helps

the physician to reach more stable and efficient results. As reported in experimental studies, the CF

between 0.1N and 0.3N is known as the safe and effective range for ablation [39]. Excessive force
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(a) (b)

(c)

Figure 1.7: Ablation Catheter and steerable sheath- (a): Standard ablation catheter’s handle(Boston
Scientific Blazer II XP) - (b): Different sections of the shaft of ablation catheter - (C): Steerable
ablation sheath(Boston Scientific, USA)
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can cause failures such as tissue perforation and also inadequate contact will reduce the efficacy of

the procedure significantly [33].

Consequently, the need for a real-time sensing system is tangible to provide accurate force

measurement for the surgeon. Furthermore, in robotic systems, a force control platform can be

implemented to assist the surgeons in applying the force to the spot of interest. This force con-

troller system sends commands to a robotic mechanism to insert the catheter to reach the desired

force. This controller benefits from the method of force sensing or estimation, meaning that firstly

a method should provide the force and then feed it to the controller’s logic to actuate the robotic

mechanism for the catheter insertion.

In the following section, different technologies and methods for force sensing and estimation

have been classified. Each modality has been reviewed and finally, the method of the choice for this

thesis will be explained. In the end, the utilization of the introduced force sensing method will be

described in a controller.

1.2 Literature Review

To monitor the applied force in the catheter ablation procedure, different methods have been

introduced. In general, these methods fall into two categories: 1- Sensor-based ,and 2- Sensor-

free[47, 48]. The first approach involves embedding a tiny sensor at the tip of the catheter that

detects CF. On the other hand, in the sensor-free technique, based on the analysis of the shape of

the catheter’s distal shaft under applied forces, the force is estimated.

Each of aforesaid methods has its benefits and also limitations. Sensors provide accurate mea-

surement but the use of sensors in the unstructured environment of the heart chamber is challenging[49].

Generally, catheters are dispensable and the use of costly sensor-embedded catheters is not afford-

able. Accordingly, sensor-less techniques recently have caught attention in the literature[47]. In this

manner, the deflection of the distal shaft of the catheter is analyzed. Because of the flexibility of

the distal shaft, it bends under applied forces, so it is an insight to model the catheter’s behavior to

estimate the force. The challenge of this method is the mathematical complexities in some cases but

this method is considerable and beneficial because it just relies on standard available catheters.
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In the following sections, some available solutions for the force sensing of ablation catheters are

reviewed and compared together.

1.2.1 Sensor technologies

In an effort to improve RF therapy, microsystem technologies have been developed over the

past few years[10]. The main goal of this technology in AF treatment is to use tiny sensors for

providing haptic feedback to the surgeon. As shown in clinical studies, using catheters with a

sensor is associated with more safety and a higher success rate[50]. Furthermore, catheters with

sensing capabilities accelerate the surgery, resulting in less X-ray exposure[51].

In 2014, St Jude Medical company developed the TactiCathTM catheter that the fiber-optic tech-

nology is implemented to make a contact sensing capability. The sensing system (TactisysTM quartz

equipment by Abbott Medical company) analyzes the reflected light from the optical fibers of the

catheter(Figure.1.8(a)) to determine the applied force. By deformation of the optical package upon

contact with tissue, the wavelength of the light in fibers is changed and it correlates with the angle

and magnitude of CF [52]. Therefore, the surgeon not only monitors the orientation of CF but also

detects the strength of the applied force in a real-time manner.

The Thermocool SmarttouchTM catheter developed by Biosense Webster company is another

commercially available catheter with CF sensing capability. As illustrated in Figure.1.8(b), 3 loca-

tion sensors measure the distance with a magnetic transmitter coil. The lateral and axial forces of

the tip are calculated based on the deflection of the spring in the sensor[53]. The CF measurements

are displayed on Cartounivu®mapping system (by Biosense Webster company)[54].

The mentioned catheters do not show the quality of the ablation and characteristic of the tissue.

To this end, DirectsenseTM technology has been introduced by Boston Scientific company that is

based on the electric field around the catheter’s tip to display the electrophysiologic information

for the physician. The concept of this technology is inspired by the electric fish that generates

an electrical field around its body to detect and sense obstacles. In the Directsense, As shown in

Figure.1.8(c), a similar electric field is generated around the catheter’s electrodes and the mapping

system calculates the local impedance that is the indicator of catheter-tissue contact and the quality
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of the ablation procedure[55]. As mentioned in the reviewed clinical studies, haptic feedback sig-

nificantly improves the AF treatment because it allows the surgeons to have a sense of touch. In this

regard, Directsense system can be a valuable supplement for the CF sensing catheters that makes

the AF treatment more successful and accurate.

Catheters with embedded sensors provide valuable information that positively affects the out-

come of AF therapy but they have some limitations[49]. Firstly, because of the technology of

sensor-based catheters, they are costly and the fact that they are disposable, makes this issue more

remarkable. Also, the calibration and data acquisition in an unstructured environment are chal-

lenges of this technology. To this end, sensor-free methods caught the attention of the literature

and in recent years many developments and innovations are introduced in CF estimation of standard

catheters. The following section will cover these methods.

14



(a) (b)

(c)

Figure 1.8: Commercially available sensing technologies of ablation catheters- (a):TactiCathTM contact force ablation catheter(Abbott Labora-
tories, Abbott Park, Illinois, USA) - (b):Thermocool®catheter(Biosense Webster Inc., California, USA) - (c):DirectsenseTM technology (Boston
Scientific Corporation, Marlborough, Massachusetts, USA)
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1.2.2 Mechanical model methods

As elaborated in the previous sections, CF sensing plays a positive role in AF treatment. The

model-based approach in recent years has been investigated and evaluated to estimate the CF of

standard catheters. This method is based on the deflection of the shape of conventional available

catheters and the implementation of physical modeling theories. This solution requires some ele-

ments including machine vision algorithms, model algorithms, and optimizers. The extracted model

should be accurate enough, robust, and also fast to provide CF in a real-time manner [56]. In this

method, an image processing algorithm should be employed to extract the catheter from the input

image. The input image can be the X-ray type or an image of a camera from an experimental setup.

After calibration of the imaging system(camera), the segmentation algorithm should be deployed

to detect the catheter’s distal shaft from the input image and provide some features for the mod-

eling phase. The extracted features could be geometrical information such as pixel’s location or

Cartesian coordinates values. For instance, the pixel’s location of the catheter’s tip is extracted and

converted into Cartesian coordinates or the slope of different points at the body of the catheter can

be calculated. Afterward, the data from the image processing phase should be passed to the input

of the developed model to estimate the CF. Usually, parameter identification and optimization al-

gorithms are necessary to make the model precise and realistic. To evaluate the developed model,

an experimental setup is required to compare the results of the model with the actual values. The

experimental setup generally is an electromechanical system to apply the force to a catheter and

in order to record the data, a DAQ system is required. Various techniques have been introduced to

model a catheter for CF estimation such as continuum mechanics, multi-body dynamics, differential

geometry, and particle-based models [19]. Following is a summary of the mentioned models.

Robotic arms are a discrete system of rigid links that are controlled by actuators at each link’s

connection or joint. These actuators are indicators of the degree of freedom for the system and

in an attempt to design a robotic system to produce a curve-like shape, many actuators should be

deployed. Due to the geometrical characteristic of this snake shape, many actuators should be imple-

mented. Using these actuators increase the size of system that is not ideal for cardiac intervention.

So, the alternative system is continuum robots that they bend along their length and an example of

16



this method is the steerable catheters. The Continuum mechanics model is an analytical approach

whose main assumption is to describe a manipulator as a continuous mass. In this modeling modal-

ity, the tendon-driven catheters are considered as a continuum manipulator that is modeled as a

cantilever beam in which the tendons control the deflection [57]. In early studies in 2005 and 2008,

Bailly et al.[58] and Camarillo et al.[59] both implemented continuum modeling to predict the car-

diac catheter’s shape but the main limitation is that they are computationally expensive and cannot

be used in a real-time manner. In other studies by Khoshnam et al.[60], [61] and [62] in an attempt

to design a model for force-position control, the catheter modeled based on a large deflection beam

theory. Although this model is capable of estimating the shape independent of the internal structure

of the catheter, the solution is just developed for 2-dimensional mapping of applied CF at the tip.

Multibody dynamics is another computationally efficient modeling method to analyze the defor-

mation of catheters. In this technique, the system is assumed to have various rigid bodies in which

they are attached by joints or springs [63]. In this method, the identification of constant parameters

is indispensable to provide the acceptable result [64]. In one early study Alderliesten et al. [65]

used the multibody dynamics method to simulate vascular intervention for training the operator. To

show the feasibility of the simulation, it was tested on an experimental phantom and patient data.

However, this study is performed in 2-dimensional space and also it is assumed that the speed of

maneuvering is slow.

Differential geometric as a mathematical method is described as a technique based on the posi-

tion of some points to estimate the system. Polynomial interpolation is an example of this method

[19]. The Cosserat rod is one of the well-known theories in this modeling approach that is used for

modeling of catheters. Tang et al.[66] used the Cosserat rod model to evaluate a hybrid solution for

cardiac guide wires in such a way that the body of the catheter was modeled by Cosserat rod and the

distal tip by a beam theory. The results showed promising accuracy in a real-time simulation but the

accuracy is dependent on the optimization algorithm. In the other recent study, to estimate the CF

of ablation catheters, an inverse solution of the Cosserat rod model was implemented and the model

accurately estimated the CF [67]. However, in the mentioned study, the out-of-plane deflection is a

concern that can directly effect on the accuracy of the estimation.

Particle-Based dynamics modeling known as the mass-spring model, usually is used to describe
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the deformation of the tissue in the vascular intervention. Lenoir et al. [68] introduced a solution

that the vascular tissue is assumed as a rigid body and catheter modeled to detect the collision in

intervention. In this study, Newton’s law has been used to have motion equations. However, the

particle-based modeling does not provide physically admissible results [61].

The mentioned modeling methods provide acceptable accuracy in some cases and also it is

noticeable that the sensitivity to the noise in comparison to the sensor-based approach is low. Fur-

thermore, the model-based method is affordable because the conventional standard catheter is used

and it does not need to redesign the catheter. On the other hand, the main limitation of this modality

is the uncertainty of the solution due to model parameters [69]. Usually different parameter identi-

fication and optimization algorithms should be deployed to have an optimal model with acceptable

accuracy.

1.2.3 Learning-based estimation

To overcome the limitations of the model-based estimation, the machine learning approach has

been implemented in recent years for cardiac intervention. Mechanical models are complex due to

many parameters that should be identified. In order to have an accurate model, optimal parameter

identification is highly important. In addition, the speed of CF estimation is an important feature

and in some types of models the speed of calculation is not fast enough to provide the force quickly.

To this end, the learning-based method does not need mechanical calculations and just deals with

input data that can be an image or some geometrical features. The final estimator can be capable of

providing the CF quickly and accurately.

Support vector machine(SVM) and artificial neural network(ANN) are well-known machine

learning models that have been utilized for regression or classification problems. In regression

problems, the model tries to find the best fit of training data for the optimal solution. On the other

hand, in the classification approach, the model determines the best available class of possibilities

for the system. In the supervised learning method, the model should be trained by a set of available

data. Usually, to build a dataset for the training, an experimental setup or a simulation is required.

After gathering data, the data cleaning process is essential to overcome redundant and out-of-range

data points. To improve the correctness and reduce the redundancy of data in the same scaling
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format, the feature scaling process is required. In this statistic adjustment, the data should be scaled

into a defined range. For example, in Mean normalization technique, the mean of whole data is

calculated and the new dataset based on the equation.1 is calculated. In the mentioned equation, x′

is the scaled data from the original value of x. Equation.2 shows min-max normalization method as

the other method of feature scaling that scales the data in the range of [0,1].

x′ =
x− average(x)

max(x)−min(x)
(1)

x′ =
x−min(x)

max(x)−min(x)
(2)

After preparing the data, the appropriate machine learning model should be selected for the

training. Usually, to evaluate the final trained model, the whole data should be split into two or three

sets including training, evaluation, and test sets. The training set is the most portion of the dataset

and also test set, known as unseen data, is for the evaluation of the trained model. In some cases,

to examine the accuracy of the model during the training, the evaluation set is utilized. Figura.1.9

depicts the overall process of the machine learning procedure.

As illustrated in Figure.1.9, the final trained model has been fed with features that come from the

dataset to estimate parameter(s). For instance, in the case of CF, the input can be some geometrical

features of the X-ray image of the catheter to estimate the CF as the output. To build a dataset

of features, a feature extraction algorithm is required. In the case of CF estimation, the feature

extraction is some information of the X-ray medical image or standard colored image from the

camera of the experimental setup. To this end, DAQ system is required to record the data and make

the dataset ready for the next step of the analysis. To this end, a sensor records the force data and a

camera captures images of a catheter under different applied forces. An image processing algorithm

extracts some unique features from each image and the corresponding force data of the sensor is

stored in the dataset. This is one form of data gathering process that finally the trained model is

capable of estimating the CF based on the features of the image. In other words, a camera capture

a video from the ablation surgery and the estimator reports the CF for the surgeon based on every

frame of the video. Depending on the feature extraction algorithm calculations and model structure,
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Figure 1.9: Machine learning procedure

the result of CF will be displayed simultaneously.

Following is a review of studies in which machine learning methodology has been deployed and

finally, the overall contribution of the thesis will be introduced.

In mechanical analysis, machine learning models can be a complementary component to over-

come nonlinearities that sometimes are neglected. Runge.et al. [70] implemented an ANN to train

a model for the forward kinematic of a soft robot. This work is the combination of finite element

simulation, mechanical kinematic analysis, and ANN. The soft robot was simulated to extract kine-

matic parameters and the corresponding loads. Finally, an ANN was deployed to map parameters

for the kinematics of the robot. However, the accuracy of the final model highly depends on the

correctness of finite element simulation that material properties and manufacturing aspects play an

important role. In another study, Jolaei. et al. [71] proposed a control framework for positioning the

tip of a tendon-driven catheter. In this method, a classifier and a regressor were utilized as alterna-

tives to the inverse kinematic solution in an attempt to deal with mechanical nonlinearities. In this

regard, based on the desired position, an SVM classifier determines the proper tendon to be actuated

and then an ANN regressor estimates the required tendon’s length but this system is not capable of
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real-time actuation.

In robotic catheter intervention systems, the surgeon usually uses the joysticks of the console

to steer the catheter by rotation and insertion movements. To transfer the rotational movements in

haptic-enabled systems from the master side(joystick), typically an inertial measurement unit(IMU)

is deployed to monitor the orientation based on changes in roll, pitch, and yaw angles. To report the

spatial orientation of an object equipped with IMU sensors, the integration of angular velocities is

required. Due to noises of measurement in the IMU sensor and accumulative effect of the integration

over the time, finally, the calculated orientation will not be accurate enough. To tackle this issue,

Hooshiar et al.[72] introduced a learning-based approach to estimate the spatial orientation needless

of integration. To this end, a three-layer feedforward ANN was trained based on roll and pitch

angles to determine the corresponding yaw angle for estimation of the orientation. For this study,

a wearable device equipped with two IMU sensors was designed to be used in catheter steering

systems but the proposed system requires more developments regarding the fault detection of the

sensor’s data.

To estimate the CF of ablation catheters based on learning methodology, a dataset of proper

features should be gathered. The manipulation of a dataset is commonly accomplished through

experimental setups or computer simulations. Sayadi et al.[73] modeled an ablation catheter in a

finite element simulation software to record CF in different conditions and eventually a learning-

from-simulation method was introduced. To arrange a dataset, 4 control points based on Bezier

spline shape interpolation were extracted for every deformation of the catheter under applied forces.

The extracted features(control points) were fed into commonly used machine learning models(ANN

and SVM) to estimate the CF. Although this study reported an accurate estimation of the CF, the

simulation parameters identification and the validation of the model are still challenging. On the

other hand, by using an experimental setup, a real-world dataset can be arranged. To solve these

issues, an experimental setup was used by Nourani et al.[74] to propose an image-based method

for feature extraction based on polynomial interpolation of the catheter’s curvature. In this study,

an experimental setup was used to apply a range of forces on the tip of a standard catheter and the

corresponding image of the distal shaft was captured. The distal shaft was considered as a math-

ematical function similar to a polynomial that each deflection has unique coefficients. An image
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processing algorithm was deployed to segment the catheter from the background of the captured

image and then the best mathematical curve was fit to the distal shaft’s shape. To extract the fea-

tures for the learning phase, polynomial coefficients of each curve which is a catheter’s distal shaft

deformation under an applied force, were calculated. To build a CF estimator, coefficients were

utilized to train an SVM. Overall, this solution is not computationally efficient as it should compile

an image processing algorithm alongside a mathematical calculation for curve fitting. However, the

proposed method introduced some insights into using the image data(pixels) for the learning step.

In another study, Feng et al.[75] designed a catheter based on the continuum robot’s principle in

an attempt to estimate the CF by a learning model. In this research, a tendon-driven catheter was

designed in which the tendons were actuated by servo motors and the tension was measured by the

load cells. Displacement and pulling force of the tendons were recorded as the input of a neural

network model to estimate the CF in two directions. This method estimates the force regardless

of the mechanical properties of the catheter. Nevertheless, it requires some features that should be

measured by sensors, meaning that this estimator is just functional for a custom-made catheter.

All in all, the learning-based estimation recently has caught the attention in the literature because

of the acceptable accuracy, less computational time, and less modeling complexity. The evaluated

model finally can be implemented in a control loop for a robotic system to apply the force accurately

and safely on a tissue. In this regard, the motivation and objectives of the thesis are introduced in

the following section.

1.3 Objectives

The main motivation of the present thesis is to develop a robotic system to maintain the catheter-

tissue contact force at a desired value based on a vision-enabled and learning-powered estimator for

the problem that was mentioned in Section1.1.6. To this end, the objectives of this research are:

• To develop a sensor-free and vision-based method for estimating the CF of commercially

available ablation catheters accurately in a real-time manner. This technique should be just

based on the images of the distal shaft of the catheter for a machine learning model.

• To develop a fast and precise controller by a machine learning-based force feedback estimator

22



to apply the desired force. A catheter manipulator should be designed to actuate the catheter

for the control signals.

• To design an adaptive vision system capable of providing a fixed view of the target area of the

ablation. This system functions simultaneously with the actuation of the designed catheter

manipulator.

1.4 Publications

This section presents the publications of the author during the master of applied science re-

search:

• Hamidreza Khodashenas, Pedram Fekri, Mehrdad Zadeh, and Javad Dargahi. ”A vision-

based method for estimating contact forces in intracardiac catheters.” In 2021 IEEE Interna-

tional Conference on Autonomous Systems (ICAS), pp. 1-7. IEEE, 2021.

• Fekri, Pedram, Hamidreza Khodashenas, Kevin Lachapelle, Renzo Cecere, Mehrdad Zadeh,

and Javad Dargahi. ”Y-Net: A Deep Convolutional Architecture for 3D Estimation of Con-

tact Forces in Intracardiac Catheters.” IEEE Robotics and Automation Letters 7, no. 2 (2022):

3592-3599.

• Hamidreza Khodashenas and Javad Dargahi, ”Force control on intracardiac catheters by

using neural force estimation”, Submission process

1.5 Thesis layout and contributions

This thesis is organized in manuscript-based style according to the Thesis Preparation and The-

sis Examination Regulations for Manuscript-based Thesis of the School of Graduate Studies of

Concordia University including following chapters:

Chapter 2: describes the data collection process and experimental setups design for the present

thesis. As mentioned in the first objective of the thesis, a machine learning model should be de-

ployed to estimate the CF from the image of the distal shaft. To this end, an experimental setup
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is required to collect images and corresponding forces to make a mapping between the images of

the distal shaft and the applied forces. An experimental setup was designed and implemented con-

sisting of camera, actuators, and force sensor to compile the datasets for the training of machine

learning models. The concept of the design of data collection setups was inspired by a research

thesis at robotic surgery laboratory of Concordia University, Nourani et al.[74]. After organizing

the datasets, a 3 DoF catheter manipulator was designed and deployed for the vision-based control

of CF. This mechanical mechanism is based on the design concept of commercially available surgi-

cal robotic systems mentioned in section 1.1.4 and was used in Chapter 4. The compiled datasets

by the author of the present thesis were used in all mentioned contributions in the previous section

(1.4). It is notable that just the uni-planar setup was used in the Chapter 3 and Chapter 4 for

training of models.

Chapter 3 presents a sensor-free and vision-based method for estimating CF in ablation catheters.

In this method, an image processing algorithm was developed to extract features from the image of

the distal shaft of the catheter to be used as the inputs of the machine learning models. ANN and

SVR models were implemented in this study to compare the accuracy and feasibility of the estima-

tion. The input of the models is the features extracted from a pre-processing phase and the output is

the estimated forces. The proposed method showed benefits over the previous studies in the litera-

ture and due to the fast estimation of the models, they can be used as a feedback element in a control

loop. This chapter is based on a published manuscript in the 2021 IEEE International Conference

on Autonomous Systems (ICAS) hosted at Concordia University:

• Hamidreza Khodashenas, Pedram Fekri, Mehrdad Zadeh, and Javad Dargahi. ”A vision-

based method for estimating contact forces in intracardiac catheters.” In 2021 IEEE Interna-

tional Conference on Autonomous Systems (ICAS), pp. 1-7. IEEE, 2021.

The second author of this paper contributed in model preparation and evaluation. The Third and

fourth authors are academic supervisors.

Chapter 4 presents a control system to maintain the CF at the desired value by using an adaptive

mono-planar imaging system and a learning-based feedback element. This controller showed the

possibility of using learning-enabled estimators as the force feedback element in the control loop.
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An optimized trained ANN model was used for this controller and it was evaluated for both static

and dynamic desired forces. To provide a fixed view of the camera for the model, a robotic arm

was deployed to hold the camera in a fixed location from the distal shaft. The robotic arm was

capable of moving according to the actuation of the catheter’s manipulator. This chapter is based on

a manuscript that is in the submission process:

• Hamidreza Khodashenas and Javad Dargahi, ”Force control on intracardiac catheters by using

neural force estimation”,

The second author is the academic supervisor. Note that this paper is in the submission process and

the final manuscript will be available after modifications based on the IEEE conference paper style.

Chapter 5 concludes the thesis and provides a summary of results. In the end, potential future

research in continuation of this master of applied science research are mentioned.
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Chapter 2

Data Collection and Experimental Setup

Design

2.1 Introduction

In an attempt to analyze the CF behavior during heart ablation surgery, this procedure should

be imitated through an experimental setup or simulation software. This chapter is focused on the

use of experimental setups for the CF study. Firstly, different types of setups in the literature were

reviewed briefly and then the designed systems for this thesis will be introduced in detail. A uni-

planar data acquisition setup was designed and implemented in this thesis to compile a dataset of

images and corresponding forces for the training of machine learning models. This system is a

vision-based setup consisting of a camera, an ablation catheter, a force sensor, and an actuator. In

the uni-planar system, just one camera was implemented to capture the image from the catheter’s

distal shaft. The camera was utilized to simulate the X-ray machine during the ablation surgery that

tracks the movement of the catheter. The actuator in the setup was used to apply the force or to make

periodic movements similar to the heart beating. This setup has been used for data acquisition for

the training of machine learning models and finally, a force control system is designed to evaluate

the performance of the models as the force feedback element. At the end of this chapter, based on

available commercial cardiac intervention systems, a robot will be introduced that is designed to

implement the machine learning models in a control loop for the CF control.
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Data for a machine learning model should be gathered accurately and correctly. To this end,

the force sensor should be accurate enough to measure small force variations, and the catheter

should be actuated precisely. In this regard, some experimental setups have been designed and

implemented for the evaluation of proposed models in different types of modeling approaches. In

general, researchers fall into two groups in terms of designing the setup. On one hand, they design

a catheter from scratch, meaning that they prototype a flexible tendon-driven shaft similar to the

standard catheters. On the other hand, the actual standard catheter can be used for the experimental

evaluation of the study.

In this chapter, firstly some available academic setups are reviewed and then experimental setups

of the present thesis will be presented and the collected data will be illustrated. Some details about

data collection algorithms and different components of the setups will be explained thoroughly.

2.2 Review of available setups

Experiments have been conducted using either actual standard catheters or customized catheters

to evaluate the catheter’s CF models. In the first category of setups, Jolaei.et al. [71] and Hooshiar.et

al. [67] fabricated a tendon-driven catheter named as MiFlex based on the geometrical features of

a standard 18-Fr( Each Fr= 1/3 mm diameter) catheter. This continuum robot was actuated by 4

tendons that are attached to stepper motors. In addition, the rotary potentiometers were deployed

to measure the tendon’s length. Two USB cameras capture images of the catheter from the top

and side view to feed them to a user interface (UI) software in the computer. This flexible catheter

was fabricated with a silicon rubber material and a coil spring was used to reform the catheter’s

shape after actuation. This design principle has been used in other studies by different researchers

to test the analytical approaches or control frameworks. In the customized design approach, Back.et

al.[76] and [77] used a helix flexible structure as a continuum robot to evaluate a three-dimensional

model of force. In these experiments, the USB camera was used to capture images of the catheter

under applied forces and also a force sensor was deployed for parameter estimation and evaluation

of the final equations.
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As another option, the actual medical catheter can be used in the experimental setup. Khosh-

nam.et al. [62] used a 7-Fr standard catheter to design a control system for CF but in this research, a

custom-designed optical sensor was attached to the distal shaft of the catheter to monitor the tip an-

gles. The tip angle based on the analog voltages of the sensor was estimated and then the data from

the sensor provides the necessary parameters of the control loop. The researcher also used the stan-

dard catheter without the mentioned sensor to evaluate the mechanical modeling approaches[60, 61].

In addition to these studies, Hasanzadeh.et al. [69] and Kouh.et al. [78] used a standard catheter for

the experimental analysis of CF. Instead of using the camera to track the catheter, the researchers

used a magnetic field generator device to track the catheter’s location using a magnetic sensor at-

tached to the tip. Using a medical catheter without any attached sensor is a method of the choice for

recent studies. Nourani et al.[74] used a standard catheter to build a dataset for a proposed model.

The camera stores images of the catheter under different applied forces and a multi-axis force sensor

measures the corresponding forces of each image. A linear actuator was installed to apply forces

to the tip. In the end, a machine learning model estimates the CF based on the provided data. In

a similar modeling principle, Sayadi.et al.[73] developed a simulation of an ablation catheter and

for assessment of the simulation and a proposed method, a standard catheter was used to perform

different CFs. In One recent study, a bi-planar imaging setup for data collection and estimation of

the force in 3 directions was implemented [79]. This experimental setup is based on the uni-planar

setup of the present thesis to capture images and corresponding forces. In this experimental setup,

two cameras were installed perpendicularly to capture a pair of images for the applied force. One

camera was installed in a location to capture the bending section of the distal shaft of the catheter

and the other one records the out-of-plane bending. The force sensor in the setup collects the 3

components(x, y, z) of the applied force. The compiled dataset consisting of the pair of images

and the corresponding force components was used to train a convolutional neural network known

as ”y-net” to estimate the CF by the researcher of the study.

To address the defined problem in CF assessment during the ablation procedure, an experimental

setup is required. The objective of the present thesis is to develop an image processing algorithm to

segment the catheter from the image and extract the features for machine learning models. So, with

this objective in mind, a setup consisting of a catheter, a camera, an actuator, and a multi-axis force
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sensor should be implemented. It is noticeable that the only input of the system should be an image

from the distal shaft of the catheter, so there is no need for tracking markers or sensors. Ultimately,

a robotic insertion mechanism should be deployed to perform CF control in different modes.

In the following sections, firstly the design principle of a uni-planar imaging setup will be ex-

plained in detail. This setup is uni-planar as just one camera was used to capture images. The

proposed models of the thesis will be based on the collected data of this setup and will be explained

in Chapter.3 completely. The final section will be the introduction of a robotic system for catheter

insertion and CF control that is based on commercially available catheter manipulators.

2.3 Uni-planar imaging setup

In an attempt to collect samples for training a machine learning model, an experimental setup

was designed. The present setup was inspired by the system that was utilized in a study of CF

by Nourani.et al.[74]. The setup is called uni-planar as just one camera is implemented to capture

the images of the distal shaft from one side of view. The camera was used to imitate the X-ray

fluoroscopy machine in the ablation surgery. As shown in Figure.2.1, a c-arm mechanism provides

X-ray images for the surgeon during the ablation surgery. Figure.2.2 shows the overall view of

the setup consisting of sensing and actuating components. In this assembly design, the USB cam-

era(Logitech C920) plays the role of a X-ray machine (fluoroscopy) to track the curvature of the

distal shaft under applied forces to the tip. A medical ablation catheter ( Boston Scientific Blazer

II XP) was inserted into a plastic hollow sheath. This tube mimics the steerable sheath that during

the ablation surgery, the physician inserts into the cardiac system to reach inside the heart. The 3D-

printed adjustable holders fix the sheath to a rigid plate or table. The catheter’s knob was adjusted to

the neutral position in which the tendons are not under agonist-antagonist tension. The distal shaft

is in contact with a multi-axis force sensor(ATI Mini40) that measurements are transferred to the

computer by a data acquisition device (National Instruments, USB-6211). The camera is calibrated

and fixed to just record the view of the distal shaft(flexible part). To apply force to the catheter’s

tip, a linear actuator mechanism was assembled using a stepper motor(17HS4401-S 40mm Nema)

powered by a micro-step driver(HANPOSE TB660).
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Figure 2.1: Fluoroscopy system Allura Xper FD10 - Philips, Netherlands

To actuate the system, a microcontroller (Arduino UNO) was used to send pules commands to

the stepper motor driver. An automation algorithm developed in Python sends the command to the

microcontroller and also this program reads the measurements of the sensor and stores the images

of the camera. In the following section, the details of the algorithm will be explained completely.
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(a) Overall view of setup

(b) A view of Catheter, Sensor, Actuator and Camera

(c) The camera’s image and force axes of the sensor

Figure 2.2: Uni-planar experimental setup
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2.3.1 Automation algorithm

To arrange a dataset consisting of images and corresponding force data, an automation algorithm

is necessary. The main goal of using this algorithm is to communicate between different components

of the setup. This program was developed in Python language to send commands to the actuator and

then to record the image of the camera alongside sensor readings. The final dataset including 2000

samples was stored in the computer for the next step of the research which is feature extraction and

model training.

Figure.2.3 demonstrates the overall repetitive process of the data gathering and interaction be-

tween individual elements of the experimental system. After mechanical adjustments, and sensor

and camera calibration, the Python program sends a manipulation command to the microcontroller

to actuate the stepper motor for a predefined step. The microcontroller code was written in Arduino

language and it transmits a pulse to the micro-step driver of the stepper motor. For this experimental

study, the driver is set to 1600 pulse per revolution(0.2 rotational degrees per pulse) configuration

to rotate the motor. After the rotation of the motor, an acknowledge signal should be sent to the

computer program, indicating the successful rotation of the motor. This signal was sent after a time

delay to make sure the vibrations of the rotation does not affect the force sensor reading. The next

step is to capture an image from the camera and record the forces from the sensor. The image along-

side its CF is stored in the computer. The described process will be repeated 2000 times to build the

dataset.
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Figure 2.3: Software and hardware interaction of the setup for data acquisition

2.3.2 Vision system

The camera was used as a visual sensor to capture images from the distal shaft and then the im-

age’s data(pixels) will be used for the learning models. To have accurate and constant data, the re-

lationship between 3D points in the real-world space and corresponding 2D projected pixels should

be calculated. To this end, the internal and external parameters of the camera should be identified

for calibration. Usually, internal parameters refer to focal length(fx, fy) and optical center(cx, cy)

coordinates as shown in the following camera matrix. Accordingly, the external parameters are ro-

tational and transnational coefficients showing the orientation of the camera. By using a calibration

pattern, the mentioned parameters can be found and the final image will be affected by the parame-

ters. This process should be performed just once to make sure there is no distortion in the captured

image.

A checkerboard pattern was fixed on a plate and some images from different orientations were

captured. Afterward, as shown in Figure.2.4, corners of the checkerboard were extracted by using

built-in functions of OpenCV(Open source computer vision library) in python language. By entering
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the corner’s locations into a calibration function, the parameters consisting of the camera matrix

and distortion parameters were estimated. As the result, the extracted numerical values were used

to make the image calibrated. Radial and tangential distortion are common issues in a raw image

of the camera and to tackle these geometrical distortions, some coefficients are required to find the

rate of distortions. Extracted parameters were used to make a normal image without distortion. The

following are extracted parameters of the camera used for the setup:

Camera matrix =


fx 0 cx

0 fy cy

0 0 1

=


6.45E + 02 0.0 3.30E + 02

0.0 6.43E + 02 2.25E + 02

0.0 0.0 1.0



Distortion Coefficient =
[
k1 k2 p1 p2 k3

]
=[

3.72E − 02 −8.11E − 03 −4.27E − 03 7.51E − 04 −2.72E − 01

]

Figure 2.4: Chessboard calibration images

Rotation and translation vectors are external parameters that show the coordinates of a 3D object

in the view of the camera. By using these parameters, the camera can be installed at a fixed location

every time that data acquisition from the catheter is required. Due to the functionality of the image
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extraction algorithm of the study which depends on the pixel’s location on the body of the catheter,

the location of the camera must be fixed for every run of data gathering and control loop experi-

ments. The external parameters can be monitored by calibrateCamera() function in OpenCV and

also another alternative is to use Aruco markers to identify the orientation of the camera as shown

in Figure.2.5. The main reason for using these markers is to make sure the camera’s lens surface is

adjusted parallel to the curvature plane of the catheter.

(a) (b) (c)

(d)

Figure 2.5: (a), (b), and (c) are Aruco markers in different orientation of camera - (d) is a view of
the marker beside the catheter’s distal shaft

2.3.3 Data

After adjusting the actuator and calibrating the camera, a dataset consisting of 2000 samples

can be organized based on the described automation algorithm. As mentioned earlier the dataset

is the combination of images and corresponding CFs from the distal shaft. Figure.2.6 illustrates

some samples from the captured images and also Figure.2.7 depicts the CFs from the dataset. In

this uni-planar experiment, just two CF components (x, y) were monitored and the CF orientations

are visualized in Figure.2.2(c).
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(a) 1 (b) 250 (c) 500

(d) 750 (e) 1000 (f) 1250

(g) 1500 (h) 1750 (i) 2000

Figure 2.6: Images from the uni-planar dataset
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Figure 2.7: Force samples of the uni-planar setup

2.4 Catheter manipulator mechanism

The final goal of the present thesis is to propose a force controller that benefits from a vision-

based force estimator as a force feedback element. In this regard, a catheter manipulator mechanism

is required to hold the catheter and push the tip of catheter against the heart tissue. Figure.2.8 shows

the designed 3-DoF electro-mechanical mechanism that is capable of insertion, rotation, and knob

actuation of a standard ablation catheter. The mechanism was designed in SolidWorks 2020 and

fabricated by 3D printer using PLA material. This actuator was designed based on the basics of the

commercially available robotic platforms described in section 1.1.4 in an attempt to be used for force

control in Chapter 4. Two servo motors (Dynamixel XL430-W250) in a serial configuration were

used for rotation of catheter’s handle and actuation of the knob. For the insertion of the catheter,

a DC motor(5840-31ZY, 130 RPM) was implemented to rotate the shaft of a linear stage actuator.

The insertion was used for applying the force at the tip of catheter and more detail of the setup is
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Figure 2.8: 3-DoF Catheter manipulator mechanism capable of insertion, rotation, and knob actua-
tion

described in chapter 4.

2.5 Summary

In this chapter, firstly some available academic experimental setups for catheter ablation CF

research were reviewed. Afterward, a uni-planar setup was designed and implemented to compile

a dataset consisting of images of the distal shaft of the catheter under applied forces. The dataset

is used in Chapter 3 to train machine learning models for CF estimation based on the image of

the distal shaft. To use the CF estimator as the force feedback element of a control loop, a 3-DoF

catheter manipulator was designed. This mechanism is used in Chapter 4 to maintain the CF at the

desired value.
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Chapter 3

A Vision-based Method For Estimating

Contact Forces In Intracardiac

Catheters

Atrial fibrillation is a kind of cardiac arrhythmia in which the electrical signals of the heart are

uncoordinated. The prevalence of this disease is increasing globally and the curative treatment for

this problem is catheter ablation therapy. The adequate contact force between the tip of a catheter

and cardiac tissue significantly can increase the efficiency and sustainability of the mentioned treat-

ment. To satisfy the need of cardiologists for haptic feedback during the surgery and increase the

efficacy of ablation therapy, in this paper a sensor-free method is proposed in such a way that the

system is able to estimate the force directly from image data. To this end, a mechanical setup is

designed and implemented to imitate the real ablation procedure. A vision-based feature extraction

algorithm is also proposed to obtain catheter’s bending variations obtained from the setup. Using

the extracted feature, machine learning algorithms are responsible of estimating the forces. The

results revealed MAE < 0.03 and the proposed system is able to estimate the force precisely.
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3.1 Introduction

Cardiovascular Diseases (CVDs) as one of the main reasons of global mortality are caused by

disorders of the cardiovascular system [80]. According to heart disease statistics, the annual world-

wide deaths associated with CVDs are over 17 million [1]. Atrial Fibrillation (AF) is a common

heart arrhythmia which occurs due to erratic electrical impulse of the heart and has affected at least

3 to 6 million people in the United States [6].

Catheter ablation is a well-known minimally invasive treatment for AF to locally heat and de-

stroy (ablate) arrhythmogenic cardiac tissue [81, 11, 12]. To perform the ablation treatment, a long

flexible tube called catheter, is inserted into the vascular system to deliver some source of energy to

the arrhythmia spots of the heart under X-ray fluoroscopy or MRI monitoring [13].

Adequate catheter-tissue Contact Force (CF) is known as a procedural success factor that leads

to a sustainable effect of catheter therapy [42]. Accordingly, the force sensing system plays a

significant role in cardiac catheterization [46]. In accordance with experimental studies, CF between

0.1N and 0.3N is a safe and effective range [39]. Besides, image-based position tracking of the

catheter shaft and tip is considered as an important feature in terms of accuracy of guidance [82].

Sensor-based and sensor-free approaches are proposed methods for measuring the CF of a

catheter’s distal tip [47, 48]. Despite the fact that sensor-based methods are providing accurate

measurement, implementation of tactile sensors in catheters has some challenges including high-

end cost, physical issues ,and also difficulties in data acquisition systems in the unstructured en-

vironment [49]. Accordingly, as an alternative, sensor-free methods have caught attentions in the

literature [47].

One approach of the sensor-free method is the analysis of catheter shape in which a parameter

called “force index” is identified to address the force range [61]. However, based on experimental

results, this method is not capable of detecting the full range of forces. Another approach is model-

based techniques consisting of beam theory models, Cosserat-type rod theories ,and multi-body

dynamics [60, 83, 84]. Although the mentioned model-based manners in some cases provide an

accurate estimation of the force, the main effective factor for this accuracy is the optimal model

parameters [69]. In another study, Runge et al. [70], used a finite element model to train an artificial
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neural network for soft robotic application. However, this method requires accurate finite element

modeling in which the material parameters and manufacturing aspects of the soft robot should be

considered carefully.

Overall, the accuracy of the model-based methods highly depends on the model parameters.

In addition, they are computationally expensive, especially when it comes to detection of a real

catheter from the operating room’s monitor as these models need information from the image of the

catheter.

In this study, we proposed a new vision-based solution in collaboration with machine learning

methods to address the CF issue in ablation catheters. This system is functional as a sensor-free and

real-time method in which the CF can be estimated directly from the image data. As the deflectable

distal shaft of the catheter has unique bending under applied forces, this behaviour can be consid-

ered as a distinguishable factor of force estimation [61]. Accordingly, in this work, a mechanical

setup has been designed and implemented in order to simulate the authentic Operation Room (OR)

along with the available tools for performing an ablation task. Using the data captured from the

aforementioned setup, a machine vision algorithm is devised as a feature extractor to find the points

on the catheter’s deflectable distal shaft within images. These points are deemed as the features

which translate the catheter’s tip into a numerical feature space. Subsequently, multiple architec-

tures for Artificial Neural Networks (ANN) have been designed and implemented so as to model

the extracted features and map every catheter’s image to its corresponding contact force. In addition

to ANNs, we model the data using Support Vector Regression (SVR) with the aim of making a

benchmark. These models are considered as a system which maps the features to the CF in x and

y direction. In the next section, the developed experimental setup and data compilation will be ex-

plained. Then, the methodology including the feature extraction algorithm as well as the modeling

methods will be elaborated. The paper will be concluded in the last section.

3.2 Experimental setup and procedure

The experimental setup used for data collection is shown in Fig. 3.1. In this setup, the camera

plays the role of X-ray fluoroscopy machine in a real OR. In addition, a motorized linear actuator
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simulates the heart motion (one direction) in which an attached force sensor is recording the CF.

3.2.1 Experimental setup design

The experimental setup is designed in an attempt to collect images from the deflectable shaft of

the catheter and corresponding forces. Fig. 3.1 presents the setup consisting of a 1-DOF (Degree Of

Freedom) linear actuator equipped with a 2-phase stepper motor (17HS4401-S 40mm Nema) pow-

ered by a micro-step driver (HANPOSE TB660), a Camera (C920 for 640× 480 pixels resolution),

a 6-DOF Force sensor (ATI Mini40), a Bi-directional catheter (Boston Scientific Blazer II XP), 3D

printed parts for holders and a plastic sheath. In this setup, the catheter is passed through a plastic

sheath in a straight path in which the sheath is fixed by 3 holders and the Knob of the catheter is

configured at zero degrees. The deflectable section at its base point where the body of the catheter is

connected to the bending section is fixed by the 3rd holder. Hence, it cannot move inside the sheath.

The force sensor attached to the 1-DOF motorized actuator is used to measure the applied forces at

the tip of the catheter. In addition, the camera is implemented perpendicular to the bending section

to capture a planar image for every sample.

3.2.2 Data Collection

Fig. 3.2 depicts the interaction between the software and the hardware in the experimental setup

to collect a dataset comprising of 2000 sample images from deflected shaft under the applied forces

by the actuator. After calibration of the sensor, data collection is done by following steps for each

sample:

(1) A Computer program developed in Python sends a command to an Arduino UNO to manipu-

late the motorized linear actuator.

(2) The Arduino and stepper motor driver control the stepper motor rotation for three micro-steps

equivalent to 0.6 degree (the driver is set to 1600 pulse per revolution to reach 0.2 degree per

pulse).

(3) Afterward, the Arduino sends an acknowledge signal to the computer.
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(a) Overall view of setup

(b) A view of Catheter, Sensor, Actuator and Camera

Figure 3.1: Experimental Setup
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(4) The image of the deflected shaft of the catheter is captured.

(5) The force data (two directions) is recorded from a 16-bit data acquisition device (USB 6210,

National Instruments, Austin, TX).

This procedure is repeated 2000 times to build a dataset that contains deflected shaft images

from the initial shape of the bendable shaft to fully deflected formation and their corresponding

forces.

Figure 3.2: Software and hardware interaction
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3.3 Methodology

3.3.1 Feature extraction

Monitoring the catheter’s deflection (distal shaft) during the ablation process provides infor-

mation about CF [61]. In this regard, a real-time machine vision algorithm is required to extract

features and translate the deflection in a numerical feature space. In this study, we have proposed an

algorithm to obtain ordered points as features on the body of the catheter’s deflectable section. The

Algorithm 1 shows the image processing procedure to extract ordered points from the base point

of the deflectable shaft to the tip of catheter. An image captured by the camera is presented in Fig.

(3.3a). This image is converted to the gray scale format and then a binary threshold operation is ap-

plied to segment the catheter in the image [see Fig. (3.3b)]. Subsequently, the algorithm vertically

searches through the matrix of the 2D binary image until it finds the body of the catheter. At this

point, the Cartesian coordinates (x and y) are stored as the first feature. This procedure continues

until the last possible vertical search path is met. The distance between each vertical search path is

a hyper-parameter that defined as the skip point. This criteria denotes the number of features. For

instance, every image is represented in a 106-dimension feature space, if the skip point is equal to

5. Fig. (3.3c) depicts the overall procedure of vertical search where blue lines indicate the search

path. Fig.(3.3d) shows the extracted ordered points (features) on the catheter in which the tip as the

last recorded point is detected.

The aforementioned algorithm is applied to 2000 images and multiple datasets have been gen-

erated with different values for the skip point. Using the compiled datasets, the machine learning

models are responsible of estimating the forces.

3.3.2 Machine Learning Models

Having the output data of the feature extraction phase, a modeling method is required in between

so as to map every single record of the dataset to its corresponding force value. Since the goal is to

estimate the forces directly from the images, the modeling technique deals with continuous values.

In contrast to the modeling of quantitative values as a classification problem, in the current work, the

system strives to create a regression over the data. With this in mind, two more popular modeling
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Algorithm 1 Feature Extraction Algorithm
Input:RGB image from the Camera
Output:Ordered points on the body of catheter
GrayscaleFunction(RGBimage)
ThresholdFunction(Grayimage)
Flag =False
j=0

for i = 0; i <= width; i = i+ 5 do

for j; j <= height; j+ = 1 do Flag =False
pixel location=[i,j]
pixel value ==0 Record i,j location of the point
Flag=True
j=horizontal location of the point+30
Break the Vertical(height)search loop
Continue the Vertical(height) search
Flag==False Break the Horizontal(width) step loop
Continue the Horizontal(width) search

(a) Original Image (b) Binary Image

(c) Search Path (d) Points

Figure 3.3: Features Extraction
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approaches have been intended with multiple configurations in order to approximate the forces in x

and y direction: Artificial Neural Network (ANN) and Support Vector Regression (SVR) [85, 86].

The ANN is considered to receive a feature vector x ∈ Rm where m is the number of features

depending on the the settings of the feature extraction phase. It is also expected to output the result

in a two-dimensional space in order to estimate the actual forces in x and y direction. To this end, a

combination of the following stacked layers is deemed so as to design the architecture of the ANN.

The input feature vector x goes into a dense layer:

nl = σ(Wlnl−1 + bl) (3)

Where W and b are the weights and biases (neurons) respectively. l denotes the layer of the

network and nl is the output of the current layer l. In addition, nl−1 indicates the output of the

previous layer while for the first layer nl−1 = x. Also, σ is the activation function in such a way

that for the intended architecture the ReLU is preferred:

σ(z) = max(0, z) (4)

Obviously, the activation function above squeezes the negative value and replace them with

0. Moreover, it is common in the Deep Learning (DL) and ANN to equip the model with the

regularization term, e.g., ”L1 or L2-Regularization” with the aim of preventing the model from

over-fitting. Here in this design, the Dropout is opted as the alternative to the regularization method

above. In this method, a coefficient δ is multiplied by every component of the W and b matrices

and calculated as follows [87]:

δ =


wj , bj with P(r),

0 otherwise
(5)

In fact, the component j of the parameter matrix W or b is remained with the probability P (r)

where PBernoulli(r) and in this architecture r = 0.1. It is worth noting that, Batch Normalization

(BN) method is widely used in ANN in order to accelerate the optimization process [88]. In this
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Table 3.1: The performance of multiple modeling methods with different configurations.

No. method configuration layers feature dim skip points MAE MSE R2

1 DNN dense 9 layers 36 15 0.023 3.4868e-04 0.984

2 ANN dense [128, 64, 2] 36 15 0.021 3.5274e-04 0.986

3 ANN dense [128, 64, 2] 106 5 0.020 4.4928e-04 0.978

4 ANN dense [128, 64, 2] 22 24 0.023 3.0972e-04 0.986

5 ANN dense + dropout [128, 64, 2] 36 15 0.0401 0.0515 0.218

6 ANN dense + batch [128, 64, 2] 36 15 0.023 5.0931e-04 0.974

7 ANN dense + batch + dropout [128, 64, 2] 36 15 0.0345 0.022 0.328

8 SVR linear - 22 24 0.025 3.0705e-03 0.913

9 SVR linear - 36 15 0.028 1.9133e-03 0.9449

10 SVR linear - 106 5 0.024 6.2738e-04 0.982

work, the design incorporates the BN to the graph prior to applying the activation function. The last

layer of the network outputs a vector with two elements corresponding to x and y forces. To opti-

mize the model and train the neurons, Mean Absolute Error (MAE) is selected as the loss function

of the model:

MAE(nl, f) =

∑n
i=1|nl,i − fi|

n
(6)

In the equation above, f denotes the actual forces that the model is supposed to estimate. The

designed network can be optimized using Adam optimizer [89].

For the sake of benchmarking the eclectic number of modeling methods for the regression prob-

lem upon the extracted features, a linear Support Vector Regression (SVR) has been utilized in order

to generate the forces out of the the given features [86]. Since the SVR is a well-known traditional

Machine Learning (ML) algorithm for which it has widely contributed to a broad range of applica-

tions and also there are valuable references in the literature about it, in this work, we will not explain

the method in details. Two separate SVR models are considered for this problem: the SVR for the

force in x direction and the other one for y direction. It is worth to say that, the ANN and all derived
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configurations have been implemented on Python using Tensorflow 2.4 while the implemented API

of Sklearn has been utlized for the SVR models [90, 91]. In contrast to the ANN models, no further

modification or implementations have been done for the SVR models.

3.4 Results and Discussion

In this section, the performance of the proposed system has been investigated in both the feature

extraction and the modelling phase. To this end, a diverse range of configurations has been designed

and the results have been compared using three main metrics: MAE, MSE and R2. The feature

extraction module was fed by a dataset containing 2000 images of the catheter’s tip. The dataset

obtained from the feature extraction phase was normalized and divided into three sub-datasets: a

training set encompassing 1280 samples, a testing set containing 400 samples and a validation

including 320 samples. As reported in Table 3.1, 10 different configurations have been design

so as to compare the performance of the proposed method accurately. For all NN-based methods

every batch of the dataset includes 16 samples and the system was trained in 200 epochs while the

learning rate lr = 0.001. The first configuration is a graph of 9 dense layers as a feed-forward

NN in which the layers contains the following neurons respectively: 256, 256, 128, 128, 64, 64,

32, 32, 2. This model trained on the dataset comprising 36 features acquired from the feature

extraction algorithm with 15 skip points. The second configuration has a shallow architecture while

the layers are analogous to the previous Deep NN in terms of layer’s type. This NN showed a better

accuracy whereas the parameters was considerably decreased. One reason is that the complexity of

the captured data was not significant so a shallow NN was capable of extracting the model properly.

However, the deeper network needs more epochs to be trained completely.

Configuration 2 to 4 investigated the impact of feature extraction phase and the feature dimen-

sion in the modeling. As it can be seen, given the fact that the training epochs was the same for all

configurations, the representation of the catheter images in higher dimensions did not reached to an

acceptable performance. However, the data with more features not only needs more parameter and

epochs to be trained but also it requires a deeper NN to obtain the relationship between every di-

mension. Configuration 5 to 7 inspected the influence of adding batch normalization and dropout to
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Figure 3.4: The performance of the SVR for approximating the forces in both x and y direction.
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the network’s graph. The dropout layer prevent the model from reaching to the convergence point.

It is worth noting that, the training loss was tracked on the validation set during the training phase

and no evidence of over-fitting was caught.

The last three configurations in Table 3.1 reported the performance of a linear SVR model on

the datasets. For every dataset, two separate SVR models were trained: one for the estimation

of forces in x direction and the other one for y direction. The reported results are the average of

corresponding metrics for x and y models. The tolerance for stopping the training procedure was set

to 0.001. Given the tolerance value, the system keeps learning until the tolerance becomes satisfied.

For this reason, the impact of representing data in different dimension size can be tangibly evaluated.

The SVR showed a better regression’s performance on the dataset with higher dimensions while the

over performance of the ANN methods surpassed. Fig.3.4 and 3.5 demonstrate the performance of

configuration 2 and 10 respectively and show the proposed system can estimate the actual forces

accurately.

3.5 Conclusions

In this work, a sensor-free method has been proposed for estimating the force of the catheters’

tip with the aim of contributing to the catheter ablation treatment. The method is capable of approx-

imating the forces directly from the images. To this end, a mechanical setup has been designed and

implemented in order to imitate an authentic operation room for catheter ablation. Using the setup,

the system compiled a dataset containing the images of a catheter’s tip and the forces associated to

every image. A feature extraction algorithm has been proposed to extract the variation of catheter’s

deflection within the images and represent them in the multi-dimensional feature space. Having the

dataset of extracted features, different feed-forward neural network has been designed and imple-

mented to make a regression over the data. Besides, Support Vector Regression as a conventional

machine learning method was deployed to model the data as well. The output of the proposed

feature extraction collaborating with the implemented modeling methods estimated the forces pre-

cisely. As the future work, we will extend the current system in such a way that the 3D forces can

be estimated directly from the images without a feature extraction phase.
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Chapter 4

Force control on intracardiac catheters

through adaptive monoplanar imaging

and neural force estimation

Catheter-tissue contact force(CF) has been reported as one of the success factors of heart abla-

tion surgery. Monitoring and controlling the CF are challenging processes due to the limitation of

sensing technologies and robotic surgery systems. In the present study, an image-based and sensor-

less CF controller system is proposed that is capable of maintaining the desired CF. A real-time and

accurate force feedback element was designed and evaluated to estimate the CF directly from the

image of the ablation catheter’s deflections during the surgery. This estimator is consisting of an

image-based feature extractor and an artificial neural network model. The neural estimator success-

fully could provide CF with a mean absolute error of 0.012 ± 0.01N . This estimator element was

implemented in a closed-loop CF controller to apply the required force to the heart tissue to perform

the ablation treatment for heart beating abnormality. An experimental setup including the ablation

catheter manipulator mechanism and a robotic camera localization system was designed to evaluate

the performance of the CF controller for static and dynamic input CFs. The designed manipulator

was deployed to achieve the desired CF and a robotic arm was used to track the catheter’s bending

section to be used for the feedback element of the controller. The evaluation tests showed that the
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system can maintain the CF with root-mean-squared(RMS) error of 0.01 ± 0.01 N for static test

and RMS error of 0.04 ± 0.03N for dynamic input forces.

4.1 Introduction

4.1.1 Background

Radio-frequency ablation procedure known as the effective treatment of the choice for atrial

fibrillation heart disorder [92], [93]. In this cardiac failure, the heart beats irregularly due to un-

coordinated electrical distribution in some spots of the heart muscle. During ablation treatment as

minimally invasive surgery, the cardiovascular interventionist inserts a flexible hollow shaft, named

steerable sheath into the cardiac system of the body, usually from the femoral vein of the leg to

reach the heart chamber. Then, an ablation catheter should be advanced to the sheath in order to

destroy the target area commonly by heating generated by radio frequency power source [14]. As

shown in Figure.4.1, The ablation catheter is a wire-like steerable surgical tool that an electrode is

embedded at its tip to deliver radio frequency energy to the abnormal spots of the heart for ablation.

The catheter-tissue contact force(CF) plays an important role in terms of effectiveness and sus-

tainability of the treatment [42], [46]. According to clinical studies, CF between 0.1N and 0.3N

is a desirable range in such a way that excessive CF may lead to heart tissue damage, and on the

other hand, insufficient CF results in poor efficacy [39], [94]. CF measurement methods fall into

two categories including sensor-based and sensor-free approaches to monitor the CF for the surgeon

[19]. In the sensor-based method, the catheter is equipped with a tiny force sensor at the tip, and

supporting devices display the force magnitude [10], [95]. In contrast, the sensor-less strategy is

based on mathematical and dynamic analysis of the catheter behavior to estimate the CF [19].

TactiCath catheter developed by St Jude Medical, THERMOCOOL SMARTTOUCH by Biosense

Webster and DIRECTSENSE technology by Boston Scientific are the well-known sensor-based sys-

tems that they provide CF and sensing information by using custom-designed catheters. How-

ever, these systems are costly, and considering the fact that catheters usually are disposable, makes

these sensing technologies expensive [19], [49]. Recently sensor-less or model-based methods have

53



Figure 4.1: Ablation catheters inside the heart chamber[96]

demonstrated the promising results in CF estimation by conventional catheters [97], [67]. Mechani-

cal or learning models have been developed to report the CF commonly based on the bending of the

catheter’s distal shaft which is the more deformable segment of the catheter. Among the sensor-free

approaches, the learning method has caught attention in the literature due to the benefits of this

modeling manner. Mechanical modeling requires considerable complex analysis of the mechanistic

behavior of the distal shaft as a soft robot and also the accurate model’s parameter identification still

is challenging [69]. Although the model-based technique provides CF information in some cases,

the machine learning methodology overcomes the mentioned concerns of mechanical modeling.

Machine learning techniques use the actual catheter’s features such as images of the deflected

distal shaft under corresponding applied forces to train a model to be used for CF estimation. In this

method, the input of the trained model can be an X-ray image of a real-time fluoroscopy machine

from the catheter during the surgery and the output is the applied force in a commonly used ablation

catheter. This intelligent vision-based system enables the surgeon to monitor the CF information

on a display or the force can be provided as haptic feedback to mimic the sense of touch during the

treatment.
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Despite the fact that providing real-time CF data effectively increases the success rate of surgery

[98], [99], the sustainable control of the CF at the desired level is a significant parameter. During

the ablation procedure, an internationalist applies an adequate force to the target spot but because

of the sinusoidal beating of the heart tissue, the compensation of the force is a challenging process.

Furthermore, as the surgery should be done under X-ray exposure, both surgeon and patient are

under harmful radiation risks [100]. In accordance with mentioned clinical needs, studies show

that implementation of CF technologies not only improves the outcome of the surgery but also

considerably reduces the procedure and X-ray exposure duration[43].

4.1.2 Related studies

In an attempt to design a force control system, a CF estimator or sensing technology is an

essential element. As mentioned earlier, sensor-less estimators show superiority in terms of CF

measurement. In this regard, recently implementation of machine learning(ML) approaches resulted

in accurate and fast enough CF estimation.

In one study, Nourani et al.[74] considered the distal shaft of an ablation catheter as a polynomial

curve and coefficients of the polynomial were extracted as the input of a ML model to estimate the

CF. However, as this image-based method requires many prepossessing steps, it is not ideal for real-

time CF controllers. In another study, Sayadi et al.[73] proposed a learning-from-simulation method

to estimate CF based on features that are extracted from the images of a finite element simulation of

the catheter under a range of applied forces. Despite the accurate estimation of the trained models in

this research, validation of the simulation and also parameter identification are the main limitations.

To use a ML model as a feedback element in a control loop of CF, a real-time and precise

vision-based model is required. In accordance with the aforesaid criteria, in this paper, a vision-

based technique has been implemented that was proposed by the author in [101]. The proposed

estimator is a trained artificial neural network(ANN) model that the input is the location of pixels

on the body of the distal shaft and the output is the CF information. A dataset consisting of the

catheter’s images under a range of applied forces was arranged and a feature extractor algorithm

finds the required pixels for every captured image. The result showed that the CF was reported with

mean absolute error(MAE) of 0.04 ± 0.02N and root mean square(RMS) error of 0.01 ± 0.02 N
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which according to clinical studies is an acceptable error rate. More considerably, this method takes

0.007 seconds per video frame to provide the CF which is an ideal estimator element for a real-time

control system. The frame-per-second rate of X-ray fluoroscopy machines is about 30Hz.

To design a control system for CF on a beating tissue, Kesner. et al.[102] introduced a system

consisting of a 3D-printed force sensor mechanism that is attached to the tip of a catheter. The

system can achieve the CF at the desired level with an RMS-error of 0.11N which is not accurate

enough for the ablation procedure. In other work, a soft miniaturized actuator with force sensing

units was designed for the tip of the ablation catheter to control the CF[103]. Although the system

controls the force quickly, the usage of customized actuation and sensing units is the main limitation

and it cannot be used for commonly used catheters. In the area of sensor-based CF control research,

Gelman. et al.[104] proposed and evaluated a hybrid PID controller for CF in ablation catheters

during dynamic beatings of the heart. The controller is functional in a real-time manner with an

RMS error of 0.03 ± 0.007N but this system relies on the usage of catheters with embedded force

sensors. To control the CF without a sensor, vision-based systems are the most favorable schema in

the literature. Researchers in [105], evaluated a sensor-free force control approach that benefits from

the vision feedback element through a position-based estimator modeling. However, the parameter

identification of the proposed mathematical contact model and the lack of an image segmentation

algorithm are notable issues of the system.

To overcome limitations of estimators and control systems, in this article a model-free control

system with ML estimator as a feedback element is introduced. This system is functional for com-

mercially available catheters and can maintain the CF at the desired value for quick beatings of heart

tissue. A ML model was trained by a dataset consisting of 2000 samples to be part of the feedback

element of the control loop and the proposed vision-based controller is capable of rapid and precise

actuation. An actuator mechanism was designed to maneuver the ablation catheter for CF control.

A camera was used to imitate the x-ray fluoroscopy imaging system and also a robotic arm was

deployed to hold the camera at a fixed location and position. The camera constantly captures a fixed

view of the distal shaft during the procedure and it rotates around the distal shaft depending on the

rotation of the catheter’s actuator mechanism.
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Figure 4.2: Overview of the system

4.1.3 Contributions

Following, the main contributions of this paper are listed:

(1) Proposing a sensor-free and vision-based method for estimating CF in ablation catheters

(2) Designing an adaptive vision system to track the catheter’s distal shaft

(3) Proposing a fast and accurate model-free control system for CF of ablation catheters

In Section 4.2, the proposed CF estimator, controller system schema and experimental setup are

described. Section 4.3 provides the evaluation studies to discuss the performance of the system. In

the end, section 4.4 concludes the study.

4.2 Methodology

In this section, an overview of the CF controller system is provided. Firstly, the overall frame-

work of the system is introduced and also the neural force estimator including the feature extractor

and ANN model is described in detail. Afterward, the sensor-free control loop schema is proposed.
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Figure 4.3: Proposed neural CF estimator

Finally, the experimental setup for data collection of ANN and the catheter manipulator mechanism

for CF control are described.

4.2.1 Force control framework

The overall view of the CF controller system consisting of software and hardware parts is repre-

sented in Figure.4.2. A 3 Degree-of-Freedom(DoF) catheter manipulator was designed to advance

the catheter to apply the force on the cardiac tissue which was controlled by a Micro-controller. The

robotic vision system was deployed to capture images of the distal section of the catheter and send

them to the computer for CF estimation. The Computer program developed in Python directly re-

ceives images and feeds them to the CF estimator to be used as the feedback element of the control

loop. To actuate the 3 DoF catheter manipulator, control signals were sent to the micro-controller

from the Python program of the computer through serial communication.

4.2.2 Neural force estimation

Figure.4.3 demonstrates the CF estimator structure which is based on the previous study of

the author[101]. The deflection of the distal shaft during ablation is a useful indicator of applied

CF. In this regard, the feature extraction algorithm is based on the coordinates of pixels on the
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body of the distal shaft. The distal shaft in the view of the camera was segmented by deploying a

binary threshold operation and then a pixel-wise algorithm was deployed to find the pixels on the

curved shaft. The coordinates of detected pixels were based on a vertical search that starts from

the origin of the binary image and it goes pixel by pixel to find the first point on the body of the

distal shaft. This vertical search continues to find the last point which is located at the tip of the

catheter and the distance between the vertical search is a hyper-parameter that is called the skip

point. This algorithm was applied to all 2000 images of the dataset to build a new numerical dataset

for ML training. Having a small distance for the skip point makes the algorithm computationally

slow but in contrast, the long skip point distance results in insufficient points for the ANN model.

Based on experiments, the skip point of 10 pixels was chosen for the horizontal distance of search

columns and also the start point of each column was based on the last detected point’s coordinates.

In other words, the new vertical search column does not need to start from the top of the 2D matrix

of the binary image. As the result of the aforementioned modifications, the algorithm is capable of

extracting features for 0.007 seconds per video frame which makes it ideal for real-time applications.

The algorithm was deployed on Python using OpenCV 4.6.

As shown in Figure.4.3, a three-layer feed-forward neural network was used to train a model

to map the points from the feature extraction algorithm to corresponding forces. Regarding the

promising performance of this ANN configuration in the previous study, the present ANN structure

is proposed for CF estimation with slight modifications[101]. This network has 48 input neurons

that are fully coupled with a feature extraction algorithm, an output layer with two neurons(Fx

,Fy), and a single hidden layer. Also, the rectified linear unit(ReLU ) was chosen as the activation

function of the proposed ANN and Adam optimizer was deployed for compiling the model. The

numerical dataset randomly was split into 1280 training data, 400 test data, and 320 validation

data. The training data was normalized to scale the dataset and also to prevent over-fitting, the

EarlyStopping callback method was deployed. The callback method stops the learning process

once the loss between the training and validation set reached the minimum value of mean square

error as the loss function. The proposed ANN was implemented in Python using Tensorflow 2.3.
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4.2.3 Controller design

After training the proposed ML model, it was saved to be used directly as the feedback element

of a closed-loop control system. This model-free system benefits from the fast and accurate esti-

mation of the CF that the feedback block just takes 0.01 seconds per video frame to estimate the

applied CF from the camera. As illustrated in Figure.4.4, a proportional-derivative (PD) controller

was used to minimize the error(e(t)) between the desired and estimated CF, FD and FSC , respec-

tively. The output control signal was limited between 0 and 255 as a PWM signal to run the DC

motor of the 3-DOF catheter manipulator mechanism that inserts the catheter. The PD controller

was deployed in the Python program in a computer and it sends output signals every 100 millisec-

onds to the micro-controller (Arduino UNO) over serial communication. Then the micro-controller

sends PWM signals to the motor driver for actuation. The controller’s gains(kp and kd) were tuned

manually for a fast and constant CF control.

e(t) = FD − FSC (7)

Control signal = Kp e(t) + Kd
d

dt
e(t) (8)

4.2.4 Experimental setup

An experimental setup for both data collection and CF control was designed. The first system

was used for data acquisition in which a linear actuator moves forward for a defined range. For

every actuation, the image of the catheter bending section and its corresponding force data were
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Figure 4.4: controller

recorded. This process was repeated 2000 times to compile a dataset of images and forces. This

dataset was used for feature extraction and training of the ANN model. Due to the nature of the

vision-enabled estimator that is based on the coordinates of pixels on the body of the distal shaft,

the location of the camera during the CF controller functionality must be similar to what it was in

the data collection phase. In the present article, to overcome this issue, a robotic arm (KINOVA,

Gen2- 7 DOF) was implemented to hold the camera at a fixed location for both data collection and

CF controller stages. The position of the camera was based on an electromagnetic(EM) tracker

sensor(Polhemus vipe, 6DOF) that was attached to the catheter. The robotic arm was acting as the

X-ray fluoroscopy machine in the real-world surgical operating room.

Finally, the CF controller platform consisting of a catheter manipulator, vision system, and

heart-beating simulator was developed to evaluate the performance of the proposed controller schema.

Data collection for the model

The process of data collection was similar to the previous paper of the author, Khodashenas. et

al.[101]. As illustrated in Figure.4.5a, a stepper motor(17HS4401-S 40mm Nema) drives the linear

actuator for a defined limit to push the catheter’s tip. The driver of the motor receives commands

from a micro-controller(Arduino UNO) that is communicating with a computer program developed

in Python. For every actuation of the mechanism, the image of the bending section of the distal shaft

of the catheter and its corresponding forces were stored in the computer. This process was followed

for 2000 samples to finally arrange the dataset consisting of images of the distal shaft from the initial
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(a) Overall View

(b) Catheter Manipulator Mechanism

(c) Robotic Arm and bending section

Figure 4.5: Experimental setup
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shape to fully curved one and also matched forces of each bending. To make sure that the camera

maintains a fixed location and position to the bending section, the robotic arm was implemented.

To adjust the relative position and distance of the camera with the bending section, an EM sensor

was attached at the conjunction of the distal and stiff shaft of the catheter to be used for the robot’s

localization. After fixing the camera at the desired place, the relative geometrical values were stored

to be used for the CF controller.

Vision system

As mentioned above, a robotic arm was used to stabilize the camera, meaning that the distal

shaft is always in a fixed view of the camera. So, the dataset’s images are valid for the CF controller

system. If the robotic catheter manipulator rotates the catheter around its shaft, consequently the

robotic end-effector moves relative to the rotation of the bending section plane. As the result, the

camera and the bending section move simultaneously to provide a constant image of the distal shaft.

This system is capable of tracking the catheter from the start of insertion of the catheter from

the human vein till the end of the ablation procedure. In fully or semi-robotic surgeries, because the

proposed system locks on the target area, the robotic arm can be used for the detection of potential

contacts of the catheter with veins.

Robotic mechanism for the controller

Figure.4.5b depicts the 3-DoF catheter manipulator mechanism developed for the CF control.

The camera of the vision system captures images and sends them to the computer program devel-

oped in Python to be fed into the feature extraction algorithm and estimator. The control mechanism

pushes an ablation catheter(Boston Scientific Blazer II XP) against a surface. This actuator was de-

signed in SolidWorks 2020 and fabricated by a 3D printer(MakerBot - Replicator+). The catheter

handle was attached to the mechanism and two servo motors (Dynamixel XL430-W250) were de-

ployed for maneuvering the knob of the catheter and to rotate the handle around its shaft. A geared

DC motor(5840-31ZY, 130 RPM) was connected to a linear actuator that moves the catheter for-

ward and backward. The knob of the catheter is a rotary mechanism for bending the distal shaft

by pulling tendons inside the catheter’s shaft. In clinical application, this knob is used for steering
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the catheter into the heart[13] and for applying the CF, the surgeon advances the catheter against

the tissue. In this study, the knob was adjusted at the neutral position in which the distal shaft was

not under the tendon’s tension. The DC motor is powered by an H-bridge driver(DFROBOT 2X2A

DC Motor Shield for Arduino) that receives commands from the computer program for moving the

catheter to apply the desired CF. To simulate the sinusoidal beating of the heart, a linear actuator

powered by a stepper motor oscillates against the catheter’s tip.

4.3 Validation studies

In this section, to investigate the feasibility of the proposed system, the neural CF estimator

performance has been evaluated. Also, two experimental validation tests were performed to examine

the CF controller. The first test was intended to assess the controller functionality for constant input

forces for a defined time interval. Following this experimental test, in order to investigate the fast

response of the controller, desired forces were sinusoidal with two different frequencies.

4.3.1 CF estimator evaluation

The final model had a mean absolute error of 0.012 ± 0.01 with goodness-of-fit of R2 = 0.99.

Figure.4.6a depicts the training and validation loss for number of epochs and also the Figure.4.6b

shows the correlation of actual and prediction values of CF(Fz). This optimal ANN model accu-

rately estimates the CF for all potential bending of the distal shaft. A comparison of the actual and

estimated force values of all data points in the dataset has been made and the results shows the ac-

curacy of the neural force estimator(Figure.4.6d). Also in Figure.4.6c, the distribution of the error

is demonstrated.
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(a) (b)

(c) (d)

Figure 4.6: Model performance analysis - (a) Training loss diagram for validation and training
set, (b) Correlation of the reference values from test set and the estimation of the model, (c) Error
distribution, (d) Comparison of all actual and predicted CFs.

4.3.2 Static force control

The response of the controller was evaluated for a step input force of 0.2 (N) as shown in

Figure.4.7. The results showed the 0.02 N overshoot and 0.2 second rise time. To test the system

for constant desired forces, the input from 0.05 N to 0.3 N for 5 seconds interval was changed.

As shown in Figure.4.8a, the controller followed the desired CF and the system illustrates an RMS
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error of 0.01± 0.01N .

Figure 4.7: Step response analysis

4.3.3 Dynamic force control

In this experimental evaluation, the desired input force was changed over time to test the func-

tionality of the system for fast response. The desired forces were sinusoidal with peak-to-peak

amplitude of 0.2 N and frequency of 0.5 HZ and 1 Hz. Figure.4.8b compares the desired and

achieved forces in 0.5 Hz mode. The system was capable of maintaining the force with an RMS-

error of 0.04 ± 0.03 N for 0.5 Hz test. Figure.4.8c shows the performance of the controller for

1Hz input forces. For this test, he RMS-error was 0.06 ± 0.03N .
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(a)

(b)

(c)

Figure 4.8: Validation tests - (a) Static force input, (b) 0.5 Hz sinusoidal force input, (c) 1Hz
sinusoidal force input

4.4 Conclusion

In this study, a sensor-less CF control system for ablation catheters was proposed and validated.

A mechanical mechanism was designed to insert the catheter and achieve the desired CF by using a
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visual feedback element. A robotic arm was deployed to mimic the X-ray fluoroscopy machine and

to make sure that the camera is located at a fixed location. The controller feedback was a vision-

based schema consisting of a feature extraction algorithm and a fully-coupled ANN to estimate

the CF directly from the image of the camera. The proposed sensor-free controller was tested for

constant and sinusoidal desired forces and as the result, the system fairly followed the desired CFs.

In the present study, a standard ablation catheter was used for the test and it can be quickly attached

to the designed mechanism for CF control.

One limitation of the system is the segmentation of the catheter through a binary threshold

operation that can be more robust by using an object detection and segmentation algorithm to extract

the catheter from the noisy background image. In addition, a position control schema can be added

to the proposed system to guide the catheter’s tip to the desired location and then apply the required

CF.
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Chapter 5

Conclusion and Future Works

5.1 Conclusions

Catheter ablation is known as the curative treatment of the choice for atrial fibrillation heart

failure. The CF plays an important role in the success rate of the heart ablation procedure. Having

a sense of touch for the surgeon during this minimally invasive surgery considerably increases the

sustainability and efficacy of the surgery. Furthermore, robotic-assisted surgery enables surgeons to

perform the surgery accurately and safely. The CF controller is a part of robotic systems for heart

ablation surgery to maintain the catheter-tissue CF at the desired value. To apply adequate CF for

the ablation procedure, a sensing method and also a controller schema are essential. To measure

the applied force, methods fall into two categories including sensor-based and sensor-free. Due

to limitations of sensor-based technologies such as design complications, cost, and measurement

calibration, the sensor-free approach has demonstrated promising results. In this method, usually,

the bending of a commercial standard catheter’s shaft under applied forces is visually analyzed to

estimate the CF. The accurate and fast estimator can be implemented as a feedback element in the

CF controller to hold the CF at a required safe value. To this end, the objective of the present thesis

was to design, evaluate and implement a real-time, accurate, and image-based CF controller for

ablation therapy.

To address the aforementioned clinical need, an estimator based on machine learning algorithms
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was introduced and validated to be used as the feedback element of the CF controller. In this the-

sis, firstly in an attempt to design an image-enabled estimator, experimental setups were designed

and fabricated. The design principle and data acquisition process was described in Chapter 2. The

aim of using the mentioned setups is to compile a dataset consisting of images of the catheter’s

bending under applied forces and corresponding forces. In the compiled dataset, just one camera

normal to the bending section of the catheter(distal shaft) was deployed. As a result, the dataset

was a combination of images and the applied CF from the external force sensor. After arranging the

dataset and performing pre-processing operations, a feature extraction algorithm was deployed to

use features for the training of machine learning models. The image-based feature extraction algo-

rithm was introduced in Chapter 3 and different types of machine learning models such as artificial

neural network and support vector regression were tested and validated. After Choosing the appro-

priate model capable of estimating the CF precisely and quickly, the estimator was implemented as

a feedback element in a control loop.

The estimator of the choice successfully was used to provide the CF with a mean absolute error

of 0.012 ± 0.01N which is less than 10% of the full-scale CF value(0 − 0.3N ). In addition, the

estimator demonstrated acceptable speed to be used in real-time control by taking less than 0.02

seconds per video frame. In continuation, the vision-based estimator was deployed as a feedback

element in a PD control loop to maintain the CF at the desired value. A catheter manipulator

mechanism was designed to apply the control signal by pushing the catheter against a surface that

was described in Chapter 4. In an attempt to provide a constant image for the controller from the

distal shaft of the catheter, a robotic arm was used that moves and rotates simultaneously with the

catheter manipulator. This robotic imaging system was acting as the X-ray imaging system of the

surgical operating room. The system was able to maintain the CF with root-mean-squared(RMS)

error of 0.01 ± 0.01N for static test and RMS error of 0.04 ± 0.03N for dynamic input forces.

As the present research demonstrated, the vision-based estimator and controller were feasible,

accurate, fast, and clinically realistic to estimate the CF just from the X-ray images of the ablation

surgery and consequently control it. The system can be used as a part of a fully or semi-robotic

surgery procedure in an attempt to improve the outcome of the surgery.
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5.2 Future Works

The limitations of this research can be tackled to improve the proposed systems in future studies.

To address the improvements in the subsequent research:

(1) The vision-based method introduced in Chapter 3 extracts features after a binary threshold

operation as a preprocessing step. This image processing step can be improved by having

an image segmentation algorithm capable of segmenting the catheter’s distal shaft from the

background of the image.

(2) The control loop described in Chapter 4 is a PD controller that gains were tuned manually.

The tuning process is time-consuming and also dependent on the design of the system. In

this regard, an adaptive controller or auto-tuning methods such as genetic algorithms can be

deployed to make sure the gains are tuned automatically and the system is robust.

(3) The proposed CF controller can be improved by developing a position controller that manip-

ulates the catheter’s tip to the target spot. The designed catheter manipulator mechanism is

capable of actuating the catheter in 3-DoF accurately, so this capability can make the system

ideal for a hybrid position-force control.
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