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Abstract 

Accurate localization of medical instruments with respect to patient anatomy is an integral part of 

computer-assisted interventions. Electromagnetic tracking is the primary choice, particularly for 

minimally invasive procedures subject to visual tracking occlusion. 

However, electromagnetic measurements are susceptible to field distortion by magnetic and 

electrically-conductive objects, including medical imaging devices, equipment, and instruments. 

Furthermore, in the majority of applications it is infeasible to mount electromagnetic sensors directly on 

the distal end of the instruments (tool tip); thus, the sensors are placed at the proximal end to indirectly 

observe the tool tip. In this case, measurement orientation error as well as instrument deflection can lead 

to significant tool tip tracking error. In clinical environments, the resulting tracking error can be in the 

order of a few centimeters. Unless compensated for, this error may severely compromise the outcome of 

the procedure. 

This research is aimed to alleviate the aforementioned electromagnetic instrument tracking 

limitations. We present advanced methods for dynamic field distortion compensation and deflection 

estimation. Specifically, we propose to integrate the motion model of the tracked instrument with the 

sensor observations and apply a simultaneous localization and mapping algorithm to both accurately 

estimate the pose of the instrument and create a map of the field distortion in real-time for dynamic 

calibration. Furthermore, for flexible instruments, such as needles, we propose deflection estimation 

methods that anticipate instrument bending during insertion into deformable tissue. These methods rely 

on statistical sensor fusion techniques to combine kinematic deflection models with the position 

measurements in order to reduce the estimation error caused by uncertainties inherent in electromagnetic 

measurements and in the quantification of deflection model parameters.  

For field distortion compensation, we conducted experiments in the presence of ferromagnetic and 

conductive field distorting objects, then compared our results to alternative statistical fusion methods. For 

instrument deflection estimation, we evaluated the performance of our multi sensor fusion approach 
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during simulated needle insertions and brachytherapy phantom experiments. We also performed 

sensitivity analysis for plausible intra-operative conditions. With reduced tracking error and improved 

deflection estimation, our approach is promising for reliable electromagnetic navigation in various image-

guided medical interventions. 
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Chapter 1 

Introduction 

Computer-assisted intervention (CAI) is based on real-time tracking and advanced visualization 

in order to plan, guide, and perform surgical procedures. It provides surgeons with the ability to 

track instruments and visualize patients’ anatomy for delivering less invasive operations with 

higher precision (Figure  1-1).  

As an integral part of CAI, reliable surgical navigation is essential to provide localization 

and tracking of medical instruments with respect to patient anatomy. A number of technologies 

have been introduced for this purpose. These technologies were initially based on mechanical or 

acoustic measurements, but are currently based on optical, electromagnetic, or inertial 

measurements [1]. 

Electromagnetic (EM) tracking is the primary choice, particularly for minimally invasive 

procedures when instruments should be tracked inside the patient’s body with no line-of-sight 

restrictions. In an EM tracking system, one or more known local EM fields are generated by 

transmitters to localize EM receivers (sensors) placed within the field, based on the principle of 

mutual induction. This tracking technology has been successfully integrated into several 

commercial products and has been applied in various interventions [2], [3]. This popularity is 

primarily due to small sensor size, freedom from line-of-sight restrictions, and ability to track 

medical instruments inside the patient’s body, which makes it particularly useful for guiding 

needles, catheters, and guidewires during insertions. However, there are two major and evident 

shortcomings with the current EM instrument tracking technology: 

1) EM tracking uncertainty: EM measurements are noisy and the trackers are highly 

susceptible to field distortion caused by magnetic and electrically-conductive objects, 
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including medical imaging devices, equipment (monitors, tables, etc.), and instruments 

themselves. Many studies have looked at the static, dynamic, and field distortion errors 

of EM sensors [4], [5], [6]. In general, the interference causes measurement uncertainty 

and results in combined tracking errors ranging from a few millimeters in research 

environments to a few centimeters in clinical environments [2], [7], [8], especially in 

the presence of certain imaging equipment, such as a C-arm fluoroscopy, known to 

significantly distort the EM field [4].  

2) Instrument deflection estimation uncertainty: In many applications, reliable (larger) EM 

sensors cannot be directly placed at the distal end (tip) of the instruments. Therefore, 

EM sensors are placed at the proximal end (base) of the instrument and indirectly 

observe the pose of the instrument’s tip. In this case, not only the base measurement 

orientation errors transform into considerable errors at the tip positions, but also the 

deflection of instruments can have a significant adverse impact on the accuracy of the 

instrument’s tip estimations [9]. Percutaneous needle insertion is an apparent illustration 

of this situation which is involved in many clinical diagnostic and therapeutic 

 

Figure  1-1: An operating room for computer-assisted intervention by Brainlab GmbH.The facility 

provides real-time tracking and advanced visualization in order to deliver less invasive surgical 

procedures with higher precision. 
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procedures, such as biopsies, ablations, regional anesthesia, neurosurgery, and 

brachytherapy [10]. These diagnostic and therapeutic interventions require accurate 

needle placement. However needle deflection is a major cause of procedural error as the 

complex behavior of the needle within biological tissue poses a major challenge, 

particularly when deflection of the needle exacerbates targeting error.  

Unless compensated for, the tracking error due to uncertainties in EM measurement or 

instrument deflection estimation can compromise the outcome of the procedure. If these 

limitations are alleviated, the EM tracking technology can find its way into new clinical 

procedures, currently not possible. 

1.1 Motivation 

Uncertainty due to measurement error is considered the key limiting factor in the use of EM 

tracking in clinical settings (Figure  1-2). Therefore, dynamic calibration of EM tracking systems 

is essential in compensating for measurement error due to field distortion in clinical 

environments. The existing approaches employed to compensate for the field distortion rely either 

on static pre-operative calibration of the workspace [11] or dynamic fusion of redundant and 

  

Figure  1-2: Position tracking error due to field distortion (left), and targeting error due to needle 

deflection (right [9]). 
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undistorted measurements [12]. Static calibration is normally time consuming, requires additional 

ground truth measurements, and most importantly is valid for a static environment. In true clinical 

settings with dynamic changes due to movement or operation of tools and devices, this approach 

is ineffective and may in fact aggravate the tracking error. Fusion approaches rely on redundant 

and independent (external) means of measurement, such as alternative types of tracking systems 

(imaging [13], optical [14], inertial [15]) or an array of EM transmitters and/or sensors ([16], 

[17], [18]) fixed at known spatial coordinates. Fusion-based methods are inefficient in nature as 

they either demand external tracking technologies, or an unnecessarily large number of redundant 

elements. 

Uncertainties due to instrument deflection may be minimized using accurate deflection 

estimation that can help compensate for the error caused by instrument bending (Figure  1-2). 

Numerous mechanical models have been proposed to estimate instrument deflection [10]. 

However, the majority of the proposed techniques demand precise prior quantification of 

deflection model parameters and perform rather poorly in clinical settings as they suffer from 

errors inherent in parameter quantification. Consequently, such deflection estimation models are 

unreliable and clinically impractical. 

1.2 Objectives 

The objective of this research is to alleviate the current EM instrument tracking limitations in 

terms of uncertainties in both EM measurement as well as instrument deflection estimation. This 

research therefore presents enhanced methods for dynamic calibration of EM trackers and 

improved estimation of instrument deflection. Specifically, the thesis encompasses the 

development, implementation, and validation of the following methodologies: 

• We propose to dynamically map EM field distortion and provide real-time tracking 

error compensation. We integrate the motion model of the tracked instrument including 
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motion constraints with a few redundant EM sensor observations and apply a 

simultaneous localization and mapping (SLAM) algorithm [19] to both create a map of 

the field distortion in real-time, and accurately estimate the pose of the instrument. 

• For flexible instruments, we propose to compensate for deflection estimation error by 

employing statistical sensor fusion techniques [20] to combine deflection models with 

the sensory information provided by two EM tracker measurements. The sensor fusion 

reduces the impact of estimation error caused by the uncertainties inherent in both 

measurements and deflection models and provides a reliable estimate of the instrument 

tip position with minimized estimation error variance.  

1.3 Contributions 

The contributions of this thesis can be summarized as follows: 

• Tracking uncertainty: I have conducted a comprehensive survey of EM tracking system 

measurement errors along with presently available techniques for static and dynamic 

calibration. Furthermore, I have performed measurement uncertainty analysis and static 

field distortion compensation for Ascension (Burlington, Vermont, U.S.A.) trakSTAR 

EM tracking system [21], [22], [23].  

• Dynamic field distortion compensation: I have developed a novel technique for 

simultaneous electromagnetic tracking and calibration that can dynamically compensate 

for field distortion. I have introduced this concept for the first time for dynamic EM 

calibration, independent of external or undistorted alternative tracking technologies 

(optical, inertial, etc.). I have also validated the method by conducting experiments in 

the presence of ferromagnetic (steel) and conductive (aluminum) field distorting 

objects. The first part of this work has been submitted to The International Journal of 
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Medical Robotics and Computer Assisted Surgery [23]. The second part of this work is 

in preparation for submission to IEEE Transactions on Medical Imaging [24]. 

• Flexible instrument deflection: I have conducted a comprehensive survey on various 

deflection models, including: static (or quasi-static) models for which a significant body 

of the underlying research is based on beam theory, and kinematic models such as 

nonholonomic or Jacobian. This survey also included the dynamics of flexible 

instrument and soft tissue interaction, the impact of instrument diameter and tip 

geometry on the insertion forces, and also the force distribution along the instrument. 

This work is presently in preparation for journal submission.  

• Needle deflection estimation: I have developed a robust needle deflection estimation 

method to anticipate needle bending during insertion into deformable tissue. The 

method relies on statistical sensor fusion and uses limited additional sensory 

information to reduce the estimation error caused by uncertainties in the measurements 

and the deflection model parameters. The method accommodates the integration of a 

variety of deflection models with two formulations, either directly, if a closed-form 

solution exists, or indirectly if the solution is computed numerically. The performance 

of each formulation was evaluated using simulated brachytherapy needle insertions.  

Also I have performed a sensitivity analysis for plausible intra-operative conditions in 

order to study the robustness of each method against variations of key parameters. This 

work has been published in IEEE Transactions on Biomedical Engineering [25]. 

• Prostate brachytherapy experimental validation: I have experimentally evaluated the 

performance of my fusion-based needle deflection estimation method using prostate 

brachytherapy soft tissue mimicking polyvinyl chloride phantoms of varying stiffness. I 

investigated the accuracy of the method and the robustness of the approach with respect 

to variations in needle insertion speed as well as soft tissue biomechanical properties. 
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This work has been published in The International Journal for Computer Assisted 

Radiology and Surgery [26]. 

1.4 Thesis Outline 

This thesis is based on a manuscript format. Therefore, there is an overlap in the introduction and 

background sections of this thesis and the published manuscripts. I recommend the readers to 

read the combined and comprehensive background chapter (Chapter 2) of this thesis, and skip 

those sections in the manuscripts (Chapters 3 to 6). Moreover, Chapter 4 is only included for 

completeness; however, the concept is expanded in more details in Chapter 5. 

The remainder of this thesis is organized as follows: 

• Chapter-2 reviews navigation technologies with an emphasis on EM tracking systems. It 

also provides background information for prostate brachytherapy and needle deflection. 

• Chapter-3 presents the method used for dynamic EM field distortion compensation 

using simultaneous electromagnetic tracking and calibration. 

• Chapter-4 introduces the concept of multi-sensor fusion for instrument deflection 

estimation using a Kalman filter. 

• Chapter-5 presents the development of the needle deflection estimation method with 

detailed formulations and the complete simulation analysis. 

• Chapter-6 provides details on the experiments procedure and evaluation results for 

prostate brachytherapy needle deflection estimation. 

• Chapter-7 summarizes and concludes the work done for this thesis and outlines 

limitations and directions for future research. 
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Chapter 2 

Background 

Tracking devices can determine the position and orientation (pose) of an object with respect to a 

reference coordinate frame. The tracked objects (targets) are normally instruments or anatomical 

structures. There is a large number of tracking technologies available [1], [27], [28], [29]. These 

technologies are based on various physical principles, offering a combination of performance 

characteristics for different applications. In this section an overview of common surgical 

navigation technologies is provided with particular emphasis on the electromagnetic tracking 

systems. 

2.1 Surgical Navigation 

According to [27], the desired characteristics of an ideal general purpose tracking system can be 

listed as: accurate/precise, fast (high update rate, low latency), robust (immune to interferences or 

variations in environmental properties), complete (6 degrees-of-freedom measurement), tenacious 

(track even if the target is far or fast moving), self-contained (no other parts mounted in the 

environment), wireless, tiny, and inexpensive.  

However, there is currently no single technology that can deliver even half of these desired 

characteristics. Each tracking method has advantages and disadvantages; therefore, the tracking 

system must be carefully selected for a specific application.  

Furthermore, for clinical purposes, the tracker’s interaction with the clinical environment 

should also be considered. In other words, not only should the tracking device be robust to 

environmental interference, but it should also not affect the clinical workflow. Therefore, the 

trackers may need to be sterilizable and adaptable for the procedure. For example, some devices 

may constraint motions, limit the workspace, or even introduce artifacts to medical images. In 
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addition, it is important to identify the number of objects that should be tracked concurrently. As 

it will be explained later in this section, some technologies cannot be easily scaled up. Therefore, 

an ideal tracking device should also be in full compliance with the requirements of each specific 

clinical application. 

Finally, the instruments and anatomical structures may also be localized and tracked with 

medical imaging modalities [1]. In fact, fast and accurate intra-operative imaging in the future 

may eliminate or minimize the need for external tracking. However, this is presently specific to 

particular clinical applications and is not within the scope of this research.  

The remainder of this section briefly introduces various navigation methods using: 

mechanical, inertial, acoustic, optical, electromagnetic, radio, and hybrid tracking systems. 

2.1.1 Tracking Technologies 

In order to localize and dynamically track objects, the following technologies have been 

developed. 

2.1.1.1 Mechanical Tracking 

This method is based on direct mechanical connection between the target and a reference point in 

the environment. Mechanical sensing is probably the simplest method and was introduced nearly 

three decades ago for use in neurosurgery [30]. Using a mechanical arm consisting of active or 

passive joints, the pose of the target (end-effector) is normally computed using forward 

kinematics. Modern mechanical arms including haptics devices can provide precise pose 

measurement (~0.05 mm, 0.05 degree) based on joint measurements (mainly encoder, but also 

potentiometer, tachometer, strain gauge, piezoelectric, etc.). In most clinical settings, this 

approach is very limited as it requires a sterilized bulky mechanical linkage to be physically 

connected to each tracked target. Moreover, the target motion may be constrained, in terms of 

workspace, degrees of freedom, or singular configurations.  
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2.1.1.2 Inertial Tracking 

An inertial navigation system (INS) consists of three orthogonal accelerometers and three 

orthogonal gyroscopes to measure linear acceleration and angular velocity. Knowing the initial 

pose of the target, an INS can be used to track a target in real-time. These systems have been 

employed for navigations in ships and airplanes for more than six decades [27]. However, only 

after the recent miniature strap-down MEMS (micro electromechanical system) implementation 

of gyroscope, the INS could be used for other applications. Today’s inertial sensors are small, 

self-contained, accurate, and inexpensive. However, to compute the pose of the target, a double 

integration of acceleration and a single integration of angular velocity are required. Thus, an 

unavoidable small measurement error is integrated over time and results in large drifts in target 

tracking. Therefore, inertial sensors are mainly used in combination with other devices to form 

hybrid systems described later in this chapter.  

2.1.1.3 Acoustic Tracking 

Acoustic trackers transmit and receive high frequency (greater than 20 kHz) ultrasound waves for 

localization. This method was introduced as an alternative approach to mechanical sensing in CAI 

about three decades ago [31]. The target is mainly localized based on time-of-flight measurement, 

in which, the time that it takes a sound wave to travel from the transmitter to the receiver is used 

to compute the target position. Complete 6 degrees-of-freedom tracking can then be 

accomplished using multiple transmitter/receivers [29]. However, the method suffers from low 

update rate (~10 Hz) as it is limited by reverberation and the speed of sound (~340 m/s in dry air). 

It also suffers from variations in the environmental properties that affect the sound speed, such as 

temperature, pressure, and humidity. For example, each degree Fahrenheit change results in 

~1 mm tracking error per meter [27]. Finally, these systems ideally require line-of-sight, but are 

not as susceptible to occlusion as optical trackers.  



 

 

11 

 

2.1.1.4 Optical Tracking 

Optical trackers use image processing to localize targets. This method was introduced to the 

medical field in the past decade as a more practical and feasible approach for surgical navigation 

and it is currently the most widely used technique [32]. Although marker-free tracking has been 

introduced for motion capture systems [28], for medical applications requiring high accuracy a 

marker needs to be attached to targets. In this case, the system is composed of an optical sensor 

and a light source. The target is then localized based on either the reflected (passive marker) or 

emitted (active marker) light source. Optical trackers can be very accurate (sub-

millimeter/degree), but require a large marker to be attached to the target and demand line-of-

sight (highly susceptible to occlusion). This is considered a major drawback in clinical settings 

and particularly for minimally invasive surgeries.  

2.1.1.5 Electromagnetic Tracking 

In an electromagnetic tracking system, known local electromagnetic fields are generated by 

transmitters to localize receivers placed within the field, based on the principle of mutual 

induction. This technology has been introduced in the medical field during the past several years 

[33] and has already been successfully integrated into commercial products [4] for various 

interventions [3], [5]. This popularity is primarily due to small sensor size, freedom from line-of-

sight restrictions (occlusion), and ability to track medical instruments inside the patient’s body, 

which makes it particularly useful for minimally invasive surgeries as well as guiding needles, 

catheters, and guidewires. However, electromagnetic trackers are not as accurate as optical 

trackers and are susceptible to field distortion caused by magnetic and electrically-conductive 

objects in the operating room.  
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2.1.1.6 Radio and Microwave Tracking 

These tracking systems use high frequency electromagnetic waves to localize targets, similar to 

acoustic tracking. They are used mainly in airports and radar systems and are not currently used 

in the medical field. Their main advantage is a greater range and robustness to various 

environmental properties (air temperature, wind, etc.). However, accurate tracking inside the 

patient’s body is challenging due to signal attenuation, and high computational requirement for 

processing high frequency signals. 

2.1.1.7 Hybrid Tracking 

Finally, the above methods can be combined to form hybrid trackers in order to eliminate the 

drawbacks of an individual approach while taking advantage of its benefits. This scheme is 

normally used to form trackers suitable for very limited and specific applications. For example, 

hybrid acoustic & inertial [34], electromagnetic & inertial [15], and electromagnetic & optical 

[12], [14], [35] systems have been developed. The main disadvantages of the hybrid trackers are 

cost, additional errors due to spatial/temporal calibration between the tracking systems, and 

overcrowding the surgical site with more devices.  

2.1.2 Electromagnetic Tracking Systems 

As this research is focused on the use of electromagnetic tracking systems for surgical navigation, 

a brief overview of methods employed for performance optimization is provided. 

2.1.2.1 Working Principle 

Electromagnetic systems work based on the principle of mutual inductance. Therefore, known 

electromagnetic fields are generated in the workspace by transmitters in order to induce internal 

currents within the sensor coils. The measurement of these currents is used to specify the position 

and the orientation of the sensor. 
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The earliest transmitters used an alternative current (AC) to generate the electromagnetic 

fields, while pulsed direct current (p-DC) field generators were later introduced. Permanent 

magnets (passive or transponder) are also used is some applications for position tracking. The 

main advantage of the p-DC systems is their ability to minimize interferences caused by eddy 

currents generated in electrically-conductive metals (stainless steel, aluminum, titanium, etc.) 

sharing the tracking volume. These systems can wait until eddy currents decay and then take the 

measurements.  

2.1.2.2 Performance Factor 

As stated earlier, electromagnetic trackers are small, do not require line-of-sight, and can track 

medical instruments inside the patient’s body. Therefore, among other tracking technologies, 

electromagnetic trackers are currently the most promising devices for minimally invasive 

surgeries. However, electromagnetic trackers are noisy and less accurate than other tracking 

devices, such as optical trackers.  

Apart from internal sources of noise (variations in timing, amplified thermal activity, 

algorithmic singularities, etc.) that may be reduced with signal processing [36], [37], [38], the 

external sources of noise are mainly due to background magnetic field distortion. This includes 

the field distortion caused by magnetic and electrically-conductive objects within close proximity 

of the tracking volume, such as imaging devices, equipment (monitors, tables, etc.), and medical 

instruments themselves. A review of various sources of electromagnetic tracking can be found in 

[39]. 

The interference causes measurement bias and results in tracking errors ranging from a few 

millimeters in research environments to a few centimeters in clinical environments [2], [7], [8], 

[40], [41]. Unless compensated for, this error compromises the outcome of the procedure and is 

considered as the main limiting factor in the use of electromagnetic tracking in clinical settings.  
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2.1.2.3 Performance Optimization 

The existing approaches employed to reduce the impact of field distortion can be classified into 

three categories: detection, reduction, and compensation. 

• Detection: These methods can help detect or monitor the amount of field distortions, or 

confirm if a tool can be tracked using electromagnetic trackers. They mostly rely on the 

measurements of the induced currents in various (and normally redundant) coils of 

trackers. For example, a redundant electromagnetic tracker is placed at a known fixed 

location with respect to another tracker or the transmitter, and the variations of the 

measured location of the redundant tracker compared to its known fixed location is used 

to detect or monitor the amount of field distortion [42]. 

• Reduction: These methods can help reduce the amount of field distortion caused by 

field distorting objects. For the existing electromagnetic tracking systems, these 

methods may include object shielding [43], electromagnetic field type modification 

(e.g. from AC to pulsed-DC), or optimum positioning (patient, devices, and 

electromagnetic transmitter) [44]. There are also proposals for the design of new 

electromagnetic tracking technologies that may be more immune to field distortions 

[45], [46]. It should be noted that at most these methods may minimize the error due to 

a specific field distorting object; however, they generally lack the ability to compensate 

for the errors in the entire workspace or errors due to multiple field distorting objects. 

• Compensation: These methods attempt to provide the ultimate solution by 

compensating for the field distortion, which is the focus of this research. The available 

field compensation techniques can further be classified into two sub-categories: static 

pre-calibration [11], [47], [48], and fusion [12], [49], [50] which are detailed below.  

Pre-calibration is used for environments with unvarying field distortions, where a distortion 

map can generally be created pre-operatively to establish a relationship between each point in the 
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space and the corresponding magnitude of field distortion at that point. The distortion map can be 

stored in various forms such as look-up tables [51], polynomial fitting [52], interpolation [53], or 

neural networks [54]. This map can subsequently be used intra-operatively to compensate for the 

undesired static distortion. Calibration is normally time consuming as the sensor must be 

positioned at numerous points in the workspace and requires ground truth measurements by 

means of manual positioning, calibration phantom, robotic arm, or other tracking devices. Even 

after such a lengthy and tedious procedure, the map is valid only for a static environment. 

Therefore, this method does not take into account the dynamic nature of the clinical settings. As a 

result, during the clinical procedure, this resource intensive calibration process should be repeated 

for every field distortion change, and a critical portion of the workspace where the patient is 

located may be inaccessible for such recalibrations. Overall, in true clinical settings with dynamic 

changes due to movement or operation of imaging devices, surgical tools or tables, monitors, etc, 

this approach is ineffective and may in fact exacerbate the tracking error.  

Fusion approaches rely on redundant and independent (undistorted) means of 

measurement, such as alternative types of tracking systems (imaging [13], optical [14], inertial 

[15]) or an array of electromagnetic transmitters and/or sensors fixed at known spatial 

coordinates, normally on the exterior surface of the workspace [16], [17], [18]. The distortion 

map is then created based on the fusion of the information provided by the alternative tracker, or 

the assumption that the sensor array remains partially undistorted. Fusion-based methods are 

inefficient in nature as they either demand external tracking technologies, or an unnecessarily 

large number of redundant elements, in which case the field distortion is also determined 

accurately only in the vicinity of the redundant elements which are normally mounted on the 

exterior surface of the workspace and away from the region of interest. Furthermore, these 

methods are costly, may introduce additional errors due to spatial/temporal calibration between 

the tracking systems or sensors, and overcrowd the surgical site with excessive devices. 

FIG Citation Update:  ([55][56]) 
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Currently various clinical applications of electromagnetic tracking are hampered by these 

limitations, and this research is aimed to present a method for dynamic field distortion 

compensation. 

2.2 Clinical Application: Prostate Brachytherapy 

The Queen’s laboratory of percutaneous surgery (Perk Lab) is distinguished for the development 

of enabling technologies for image-guided brachytherapy procedures. Therefore, prostate 

brachytherapy needle placement was chosen as the clinical application of this research. The 

specific contribution of this research to the ongoing progress of the Perk Lab projects was to 

develop a needle deflection estimation method that can anticipate needle bending during insertion 

into deformable tissue. 

This section provides a brief background information regarding brachytherapy as an 

effective treatment option for low risk localized prostate cancer patients, with an emphasis on 

needle insertion and deflection estimation. 

  

Figure  2-1: Prostate gland (left [55]), and the human anatomy planes (right [56]). 
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2.2.1 Brief Overview of Prostate Cancer 

Prostate cancer is the most common cancer among Canadian men and is their third major cause of 

death due to cancer. One in every 8 men develops prostate cancer and one in every 28 dies as a 

result of this cancer [57]. These figures indicate that a considerable proportion of men’s lives are 

threatened by this disease and further research and technological advancements to the science in 

this area are imperative. 

The prostate gland is a part of the male reproductive system. It surrounds part of the urethra 

and is located in the pelvis, below the bladder and in front of the rectum, as shown in Figure  2-1. 

At adulthood, the average prostate is typically a walnut sized (3×3×3 cm) and weighs nearly 

25 g. Prostate cancer is a type of cancer that mainly develops in men over the age of fifty. It is 

mostly slow growing and symptom-free; therefore, many never undergo any therapy and instead 

die of unrelated causes. However, in some cases, prostate cancer can become life-threatening as it 

spreads locally into pelvic nodes and further metastasizes to other body parts.  

The treatment decision is based mainly on the stage of the cancer, its grade and prostate 

specific antigen (PSA) level, as well as contributing factors such as age, medical conditions, 

general health, and patient preference with respect to possible side effects. Unfortunately, 

metastatic prostate cancer is currently untreatable; hormonal therapy and chemotherapy are only 

parts of palliative care. However, several options are available for localized (organ-confined) 

prostate cancer, to either remove or destroy the cells in situ. Among available options, only three 

are considered clinically as standard treatments for localized prostate cancer: radical 

prostatectomy, external beam radiation therapy, and brachytherapy. A brief comparison between 

these treatment options is provided in Table  2-1 [1], [58], [59], [60], [61]. 

Radical prostatectomy is the most common treatment for men in suitable general health 

condition and aged under 70 (or with life expectancy of more than 10 years). In this procedure, 

the entire prostate gland and part of the urethra are removed. The procedure affects the 
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surrounding tissue as well. The major advantage of this procedure includes a 90% cure rate [58], 

but its complications may include local bleeding, risk of anesthesia, impotence, leakage of urine 

from bladder, leakage of stool from rectum, incontinence, hospitalization, and an extra visit for 

the removal of catheter that was placed in the bladder.  

The other two options (external beam radiation therapy and brachytherapy) use ionizing 

radiation (gamma or x-ray) to damage the DNA of the cancerous cells, which are more vulnerable 

to radiation than are healthy cells. Advantages of radiotherapy include a high survival rate, 

comparable to that of surgery, while its complications include incontinence and impotence, but at 

a lower risk than surgery [1], [58]. 

In external beam radiation therapy, a machine is used to externally aim a beam of radiation 

into the prostate. The drawbacks include repeated hospital visits for daily dose treatments, and 

collateral damage to healthy cells in the path of the beam, causing burning skin, irritation, and 

hair loss. Moreover, it is shown that each daily dose treatment requires a realignment of the 

beams, and a misalignment error can result missing cancer cells while damaging healthy cells [1].  

Table  2-1: Comparison of standard treatment options for localized prostate cancer. 

Factor 
Radical 

Prostatectomy 

External Beam 

Radiation 
Brachytherapy 

 Feasibility  

 Age > 70  

NO YES 
 Unsuitable General Health  

 Poor Medical Conditions  

 Patient Preference (surgery)  

 Side Effect  

 Impotence  

MORE LESS  Incontinence  

 Urine/Stool Leakage  

 Treatment  

 Complication 

 Invasive  

YES NO 
 Risk of Anesthesia  

 Local Bleeding  

 Hospitalization  

 Inevitable Collateral Damage to Healthy Cells MORE LESS 

 Number of Visits  SINGLE SEVERAL SINGLE 

 Result   Cause-Specific Survival Rate  90% 82% 89% 
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In brachytherapy, radioactive seeds are placed through needles directly into the prostate in 

order to kill cancerous cells, while dispersing tolerable radiation to the surrounding area. The 

primary advantage over external beam radiation is that there is less damage to surrounding tissue 

and organs, due to the direct delivery of radiation into the prostate. It also provides customized 

intra-prostatic doses of radiation, and is performed in a single day [59]. Accurate seed placement 

dramatically reduces treatment complications [1], and studies report a sharp increase in the choice 

of brachytherapy as a treatment option [60]. The driving force behind this popularity includes 

recent developments in computerized planning and imaging, low patient morbidity, and favorable 

long-term PSA levels [59]. Furthermore, many successful outcomes of brachytherapy have been 

reported [62], [63] and studies have shown no significant difference in the overall long-term 

urinary, erectile and bowel functionalities in brachytherapy patients compared to those of other 

treatments [64], [65], [66]. 

2.2.2 Brachytherapy 

Brachytherapy, in general, can be performed by two different approaches: temporary high dose 

rate (HDR) radioactive source, or permanent low dose rate (LDR) radioactive seeds. During an 

HDR treatment, a hollow catheter array is inserted into the prostate, and iridium
192

 is inserted into 

the catheter as a source of radiation. After the procedure both the iridium
192

 and the catheter array 

  

Figure  2-2: Brachytherapy (left [69]), and the radioactive seeds (right [70]). 
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are removed, and the prostate receives no further radiation. On the other hand, during an LDR, 

tiny radioactive seeds (4.5mm × 0.8mm) such as iodine
125

, palladium
103

, or Cesium
131

 (with half 

lives of 60, 17 and  9.7 days respectively) are placed into the prostate in order to kill cancerous 

cells (Figure  2-2). LDR prostate brachytherapy has been established as a definitive treatment for 

early stage prostate cancer over the past two decades [59], [67], [68], [69], [70]. The remainder of 

this section concentrates only on LDR brachytherapy treatment.  

A typical brachytherapy treatment process starts with computerized planning to identify the 

optimal locations to implant the therapeutic radioactive sources (seeds), such that an adequate 

radiation dose is received by cancerous prostate cells, while no more than a tolerable dose is 

received by the surrounding tissue. The exact location of each seed is planned prior to the 

intervention, based on a 3D model of the prostate obtained during the preoperative volume study 

(as illustrated in Figure  2-3 [71]) taken a few days or weeks before the implant procedure [72]. 

During the planning the seed positions are expressed in the form of X and Y coordinates, and a 

corresponding depth for the Z axis (Figure  2-3 [73]). X and Y are usually expressed based on a 

grid-coordinate system found on a template (guiding grid) [1]. The template consists of holes 

distributed at an unadjustable distance of 5 mm apart along the X and Y axis. The template also 

guides the needles so that they are consistently parallel to the Z axis. During the implantation 

  

Figure  2-3: Preoperative volume study obtained from parallel transversal TRUS images (left [71]), and 

standard LDR brachytherapy procedure (right [73]). 
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process, with the patient in lithotomy position, needles are inserted into the prostate through 

which 50 to 120 small radioactive seeds are permanently implanted at preplanned target positions 

[68]. These seeds remain permanently in the prostate and continue to emit radiation until 

eventually becoming inactive. 

The procedure is performed under the real-time guidance of transrectal ultrasound (TRUS) 

to ensure that seeds are delivered according to the preplanned target positions, while C-arm 

fluoroscopy is intermittently used to visualize the distribution of the deposited seeds and is later 

used to assess the success of the procedure after all seeds have been placed. Currently, TRUS is 

the most popular modality used for biopsy, generating preoperative volume study of the prostate 

(required for preplanning), as well as providing image guidance feedback during seed 

implantation procedure [74]. It can only display the contour of the prostate gland and has low 

sensitivity to prostate cancer [74]. Compared to other modalities, ultrasound has the advantage of 

providing real-time images through its non-ionizing nature at a relatively low cost. The main 

limitations of TRUS for brachytherapy include: probe causing deformation to prostate, beams 

having a non-uniform thickness, and images being noisy and operator dependent to the extent 

where localizing the needle tip has been a major challenge [75]. On the other hand, in C-arm 

fluoroscopy metal needles are clearly visible and only two images can be adequate to reconstruct 

a straight needle. The device must however be well calibrated in order to obtain accurate and 

reliable images [75]. The main drawback is the ionizing nature of this modality that limits the 

maximum number of acquired images. 

Despite the popularity of brachytherapy and its emerging technological improvements, 

accurate needle placement still poses a major challenge, particularly when needle deflection 

exacerbates targeting error. Current clinical brachytherapy needles are relatively rigid and made 

of 17 or 18 Gauge (1.47 mm or 1.27 mm) steel, yet they deflect during insertions, causing 

reduced targeting accuracy. This is mainly due to the asymmetric forces arising from the angled 



 

 

 

geometry (see Figure  2-4) of the beveled tips needles that are commonly used during the 

procedures [76]. For example, a needle deflection error in the range of 4 mm can be observed 

during routine clinical prostate brachyt

considerably degrade the dosimetric quality of the implants 

To reduce placement errors, physicians adjust the needle tip position by retracting and then 

repeatedly reinserting the needle from slightly different initial positions. Howeve

insertions may lead to excessive trauma, which in turn may increase the severity of edema and 

swelling. Prostate volume may increase significantly, often as much as doubling the original 

volume, due to tissue swelling 

life of the implanted isotope, the prostate may become severely under

failure in controlling the cancer and consequent recurrence of the disease 

As a result, it is imperative to reduce prostatic trauma by avoiding multiple insertions. 

Accurate needle deflection estimation techniques can help compensate for needle bending before 

and during insertion, thus reduce tissue trauma by d

2.2.3 Needle Deflection 

The majority of percutaneous procedures, such as brachytherapy demand accurate needle 

placement to ensure reliable acquisition of diagnostic samples, or precise delivery of therapy. In 

order to guide the needle, physicians normally rely on their knowledge of the anatomic structures, 

kinesthetic feedback, and possibly some limited visualization provided by an imaging device. 

Figure  2-4: Asymmetric forces applied to a bevel tip needle.
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) of the beveled tips needles that are commonly used during the 

. For example, a needle deflection error in the range of 4 mm can be observed 

during routine clinical prostate brachytherapy procedures [9]. Such needle divergence can 

considerably degrade the dosimetric quality of the implants [77], [78]. 

To reduce placement errors, physicians adjust the needle tip position by retracting and then 

repeatedly reinserting the needle from slightly different initial positions. Howeve

insertions may lead to excessive trauma, which in turn may increase the severity of edema and 

swelling. Prostate volume may increase significantly, often as much as doubling the original 

volume, due to tissue swelling [68]. As the half-life of the swelling is comparable with the half

life of the implanted isotope, the prostate may become severely under-dosed. This may lead to a 

failure in controlling the cancer and consequent recurrence of the disease [68].  

As a result, it is imperative to reduce prostatic trauma by avoiding multiple insertions. 

Accurate needle deflection estimation techniques can help compensate for needle bending before 

and during insertion, thus reduce tissue trauma by decreasing the number of reinsertions.

The majority of percutaneous procedures, such as brachytherapy demand accurate needle 

placement to ensure reliable acquisition of diagnostic samples, or precise delivery of therapy. In 

the needle, physicians normally rely on their knowledge of the anatomic structures, 

kinesthetic feedback, and possibly some limited visualization provided by an imaging device. 

Asymmetric forces applied to a bevel tip needle. 

) of the beveled tips needles that are commonly used during the 

. For example, a needle deflection error in the range of 4 mm can be observed 

. Such needle divergence can 

To reduce placement errors, physicians adjust the needle tip position by retracting and then 

repeatedly reinserting the needle from slightly different initial positions. However, multiple 

insertions may lead to excessive trauma, which in turn may increase the severity of edema and 

swelling. Prostate volume may increase significantly, often as much as doubling the original 

life of the swelling is comparable with the half-

dosed. This may lead to a 

 

As a result, it is imperative to reduce prostatic trauma by avoiding multiple insertions. 

Accurate needle deflection estimation techniques can help compensate for needle bending before 

ecreasing the number of reinsertions. 

The majority of percutaneous procedures, such as brachytherapy demand accurate needle 

placement to ensure reliable acquisition of diagnostic samples, or precise delivery of therapy. In 

the needle, physicians normally rely on their knowledge of the anatomic structures, 

kinesthetic feedback, and possibly some limited visualization provided by an imaging device. 
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Needle deflection, however, is a major cause of procedural error due to the complex behavior of 

the needle within biological tissue, which can be compensated if the bending is reliably estimated.  

The extent of such needle deflection is correlated not only to the needle and tissue material 

properties, but also to the needle insertion speed, diameter, and tip geometry [10], [76], [79]. 

Consequently, although the majority of needles used in clinic are relatively rigid, they still deflect 

during insertions, mostly due to their manufactured bevel shaped tip geometry, shown in Figure 

 2-4.  

Current clinical needles are rigid with a variety of tips as illustrated in Figure  2-5. These 

needles can be classified into symmetric (Franseen, Conic, Blunt), and asymmetric (Bevel) based 

on their tip shapes. In general, macroscopic observations of needle insertions indicate that bevel 

shaped tips deflect more than franseen, diamond or cone shaped tips. This is mainly due to the 

asymmetric forces applied on the beveled tip, resulting in unwanted bending during insertion, and 

increasing the targeting error [76]. 

Needle deflection is currently disregarded in many clinical procedures, and in many cases 

the resulting targeting error necessitates multiple insertions, which in turn cause an unnecessary 

increase in tissue damage. Needle deflection can be minimized by means of several approaches 

such as needle drilling [80], [81], fast insertion [82], needle tapping [83], [84], or needle multiple 

 

Figure  2-5: Variety of rigid needle tip [10]. 
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180 degrees axial rotation during insertion [85], [86], [87]. Alternatively, needle deflection can be 

modeled not only to compensate for needle bending, but also to provide feedback for needle 

steering strategies required to correct the needle path or avoid sensitive tissue [88].  

2.2.3.1 Static Models 

There are a number of static (or quasi-static) needle deflection models available, for which a 

significant body of the underlying research is based on beam theory. More than a decade ago, 

deflection was estimated based exclusively on the insertion depth. However, the estimated 

deflection was less than the actual deflection, and the involvement of additional factors in needle 

deflection was perceived [89]. Therefore, measurements of forces and torques applied to the 

needle base or along the needle shaft were also integrated in the subsequent models to account for 

such estimation error [90], [91],[92], [93], [94], [95]. To this end, the impact of needle diameter, 

and needle tip geometry on the insertion force was studied for different stages of needle 

insertion [76], [96], the force distribution along the needle shaft was estimated [97], and needle 

forces were measured and reported during clinical procedures [98]. Furthermore, the dynamics of 

needle-soft tissue interaction was predicted to estimate the parameters of the models in real-

time [99].  

 

Figure  2-6: Deflection based on beam theory [85]. Needle tip position can be estimated using a deflection 

model combined with measurements of forces (F), and moments (M) from the needle base. 
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For example, needle has been modeled as a cantilever beam (see Figure  2-6), and the 

amount of deflection was estimated in real-time using force and torque measurements at the 

needle base [85]. Using an 18 gauge, stainless steel, 22 degree bevel tip needle, the authors 

reported deflections of 5.5 mm (for phantom) and 3.1 mm (for pig’s heart). 

For brachytherapy, the needle motion and forces for 20 patients were measured [98]. The 

maximum needle insertion forces were reported to be 15.6N for 17 gauge, and 8.9N for and 18 

gauge steel needles. Note that in this experiment the insertion speed of the 17 gauge needle 

(1.3m/s) was slightly higher than that of the 18 gauge needle (1.05m/s). In another study, the 

insertion force was modeled as a sum of capsule stiffness, friction, and cutting forces [96]. The 

authors studied the effects of needle diameter and tip geometry on the insertion force. A silicone 

rubber phantom experiment showed that larger diameter needles produce higher forces due to the 

increased cutting and friction forces. Readers are referred to [100] for a comprehensive survey of 

needle-tissue interaction forces.  

2.2.3.2 Kinematic Models 

For highly flexible needles undergoing multiple bends, the deflection was also estimated given 

the distributed load along the needle shaft, and the force at the needle tip [101]. In these needles 

the tip motion can be influenced by the manipulation of the base; therefore, a kinematic 

relationship between the base and the tip motions can also be established. The majority of 

existing kinematic models rely on angular and linear displacement of the needle base along and 

about the insertion axis. For example, a Jacobian matrix approach was used to correlate the tip 

velocity to that of the base [102] (see Figure  2-7). Also, the nonholonomic unicycle motion [103] 

was generalized to model the kinematics of a flexible beveled tip needle, as a trajectory with a 

constant radius of curvature [104] (see Figure  2-7). Furthermore, it was demonstrated that the 

radius of curvature can also be adjusted via duty-cycled spinning of the needle base [105]. 
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As the interaction between the needle and tissue is stochastic in nature, identical multiple 

insertions of a flexible needle into soft tissue results in varying trajectories [106], and the 

deflection is therefore not completely repeatable [107]. Consequently, in order to better represent 

the interaction, a noise model was introduced to tune the parameters of the nonholonomic 

model [108]. The deviations of the needle tip arising from identical needle base movements were 

further characterized [107]. The repeatability of flexible needle insertion into ex vivo and in vivo 

tissue was also explored, and it was shown that steerable needles curve differently for tissues with 

different properties [88]. Furthermore, due to high degrees of flexibility of these needles along 

with the interaction friction forces, as the base rotates a significant lag occurs between the needle 

tip orientation and base orientation. Current imaging is unable to precisely measure the tip angle 

[109], and such discrepancies introduce uncertainties for deflection models; therefore, the 

torsional lag is either compensated or estimated [110] using the measurements from the base.  

2.2.3.3 Needle-Soft Tissue Interaction 

There is also a significant body of literature that looks into the detailed interaction between 

needle and soft tissue. For example, for prostate brachytherapy many studies have shown 

significant prostate motion and deformation during the needle placement [111], [112] which 

 

 

Figure  2-7: A Jacobian matrix (left [102]), and the nonholonomic motion (right [103]) models. 
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could not be eliminated with locking needles [113], [114], [115]. Therefore, various approaches 

were utilized to represent soft tissue deformation [116], [117]. Among these modeling techniques 

finite element method ([118], [119], [120], [121], [122]), [123], [124], [125]), statistical shape 

model ([126], [127], [128], [129], [130]), or their combination ([131], [132]) are the most 

common methods developed to represent and predict soft tissue movements and deformations.  

Several approaches for modeling the interaction between needle and soft tissue have been 

proposed. The techniques primarily include numerical approximations ([133], [134], [135]) or 

analytical models ([82], [102], [136]). These interaction methods have also been utilized for 

needle steering with steerable cannula [137], [138], [139], [140], pre-curved needles [141] or 

standard needles [142], [143], [144]. The needle and soft tissue interaction models have also been 

employed for path planners to specify an optimal route for the needle to reach the target position 

accurately. For rigid needles, the path planning is limited to only determining the initial pose of 

the needle for insertion; however, for flexible needles, the path planning specifies a detailed 

trajectory for the needle tip from an initial position to the target position. Numerous researchers 

addressed the issue of path planning for flexible needles [104], [145], [146], [147], [148], [149], 

[150], [151], [152], [153], while others have also considered the stochastic nature of the flexible 

needle insertion [154], [155], [156].  

Finally, to improve the needle placement accuracy various robotic platforms (from 4 to 

7 DOF) were manufactured [157], [158], [159], [160], and a range of simulators were designed 

and developed in [72], [161], [162], [163] for surgical training and planning purposes. These 

platforms can be used for the brachytherapy training purposes, or practicing new (or complex) 

procedures, especially when real-time imaging is not feasible. The simulators can also help 

dramatically reduce the need for phantom, cadaver or animal studies. 
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2.2.4 Limitations 

Aside from inaccuracies embedded in the deflection models due to necessary simplifications 

made in the needle-soft tissue interaction analysis, the majority of these techniques share one 

fundamental limitation: sensitivity to model parameters. In other words, in order to accurately 

estimate the deflection, these attempts require the model parameters to be precisely quantified 

based on simulation and/or experimental data. Consequently, the resulting estimate is susceptible 

to variations of these parameters. In a true clinical setting, neither the soft tissue biomechanical 

properties, nor the needle mechanical properties can be precisely quantified a priori. In fact, 

during some procedures, such as a prostate brachytherapy, the needle flexibility varies based on 

stylus or therapeutic substances loaded within the needle shaft, causing intermittent changes in 

the model parameters of the needle. Therefore, deflection model estimation techniques relying 

solely on a priori known parameters are inherently unreliable and thus clinically impractical. 
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Chapter 3 

Simultaneous Electromagnetic Tracking and Calibration for Dynamic 

Field Distortion Compensation
1
 

Electromagnetic (EM) tracking systems are highly susceptible to field distortion. The interference 

can cause measurement errors up to a few centimeters in clinical environments and limit the 

reliability of the system. Unless compensated for, this error compromises the outcome of the 

procedure. Therefore, dynamic calibration of electromagnetic (EM) tracking systems is essential 

in compensating for measurement error due to field distortion in clinical environments. We 

propose to integrate the motion model of the tracked instrument with redundant EM sensor 

observations and apply a simultaneous localization and mapping (SLAM) algorithm in order to 

both accurately estimate the pose of the instrument and create a map of the field distortion in real-

time. We conducted experiments in the presence of ferromagnetic (steel) and conductive 

(aluminum) field distorting objects in the tracking volume, and compared our results to a 

conventional Kalman filter sensor fusion approach. With reduced tracking error and 

independence from external tracking devices or pre-operative calibrations, our approach is 

promising for reliable EM navigation in various clinical procedures, currently not possible. 

3.1 Introduction 

Localization and tracking of medical instruments with respect to patient’s anatomy is an integral 

part of computer-assisted interventions. The tracking can be performed using an electromagnetic 

(EM) tracking system, in which one or more known local EM fields are generated by transmitters 

                                                      

1
 The first part of this work has been submitted to The International Journal of Medical Robotics and 

Computer Assisted Surgery and is currently under review. The second part of this work is in preparation for 

submission to IEEE Transactions on Medical Imaging. This work was supported in part by the Natural 

Sciences and Engineering Research Council of Canada (NSERC). Gabor Fichtinger was supported as 

Cancer Care Ontario Research Chair. 
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to localize EM receivers (sensors) placed within the field, based on the principle of mutual 

induction. This technology has been successfully integrated into several commercial products and 

applied in various interventions [3], [5]. This popularity is primarily due to small sensor size, 

freedom from line-of-sight restrictions, and ability to track medical instruments inside the 

patient’s body, which makes it particularly useful for guiding needles, catheters, tubes, and 

implants during insertions or placements.  

Unfortunately, EM trackers are highly susceptible to field distortion by magnetic and 

electrically-conductive objects, including imaging devices, equipment (monitors, tables, etc.), and 

medical instruments themselves. The interference causes measurement bias and results in tracking 

errors ranging from a few millimeters in research environments to a few centimeters in clinical 

environments [2], [7], [8]. Unless compensated for, this error compromises the outcome of the 

procedure and is considered as the main limiting factor in the use of EM tracking in clinical 

settings. If this limitation is alleviated, the EM tracking technology can find its way into new 

clinical procedures. 

The existing approaches employed to compensate for the field distortion mainly rely on 

pre-calibration [11] or fusion [12]. Pre-calibration is a tedious procedure and the distortion map is 

only valid for a static environment; thus it is not effective for most dynamic clinical settings. 

Fusion-based approaches demand redundant and independent (undistorted) means of 

measurement, such as optical trackers [14], or an array of EM sensors [16]. These methods are 

inefficient in nature as they either demand external tracking technologies, or an unnecessarily 

large number of redundant elements.  

To address the shortcomings of both static pre-calibration and fusion approaches, we 

propose to use only a few redundant EM sensors to dynamically map and compensate for field 

distortion. We specifically propose to integrate the motion model of the tracked instrument 

including motion constraints with the EM sensor observations and apply a simultaneous 
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localization and mapping (SLAM) algorithm [19] to both estimate the pose of the instrument and 

create a map for the field distortion in real-time. This technique has proven to be successful in 

various mobile robotics applications, where the knowledge of motion models, measurements, and 

uncertainties can be combined to provide statistically reliable estimates [164], [165].  

Using a few (1 to 3) redundant sensors mounted on the instrument, our method provides 

real-time field distortion mapping, similar to the sensor array fusion, but with significantly fewer 

redundant elements (e.g. [166] uses 64 elements). Moreover, as we place the redundant elements 

on the instrument, the field distortion is directly estimated for the point at which the instrument is 

located, rather than at discrete locations of the sensor array elements mounted on the exterior 

surface of the workspace. This leads to a more precise and robust pose estimation of the tracked 

instruments. Our method is particularly desirable for EM tracking technology employed in 

medical applications; however, the formulation is general and applicable to other domains such as 

virtual reality systems, navigation systems, manipulators, and simulators.  

3.2 Background 

The presented methods employed to reduce the impact of field distortion can be classified into 

three categories: detection, reduction, and compensation. 

3.2.1 Detection 

These methods can help detect or monitor the amount of field distortions, or confirm if a tool can 

be tracked using EM trackers. They mostly rely on the measurements of the induced currents in 

various (and normally redundant) coils of trackers. For example, a redundant EM tracker is 

placed at a known fixed location with respect to another tracker or the transmitter, and the 

variations of the measured location of the redundant tracker compared to its known fixed location 

are used to detect or monitor the amount of field distortion [42]. 
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3.2.2 Reduction 

These methods can help reduce the amount of field distortion caused by field distorting objects. 

For the existing EM tracking systems, these methods may include object shielding [43], EM field 

type modification (e.g. from AC to pulsed-DC), or optimum positioning (patient, devices, and 

EM transmitter) [44]. There are also proposals for the design of new EM tracking technologies 

that may be more immune to field distortions [45], [46]. It should be noted that at most these 

methods may minimize the error due to a specific field distorting object; however, they generally 

lack the ability to compensate for the errors in the entire workspace or errors due to multiple field 

distorting objects. 

3.2.3 Compensation 

These methods attempt to provide the ultimate solution by compensating for the field distortion, 

which is the focus of this research. The available field compensation techniques can further be 

classified into two sub-categories: static pre-calibration [11], [47], [48], and fusion [12], [49], 

[50] which are detailed below. 

Pre-calibration is used for environments with unvarying field distortions, where a distortion 

map can generally be created pre-operatively to establish a relationship between each point in the 

space and the corresponding magnitude of field distortion at that point. The distortion map can be 

stored in various forms such as look-up tables [51], polynomial fitting [52], interpolation [53], or 

neural networks [54]. This map can subsequently be used intra-operatively to compensate for the 

undesired static distortion. Calibration is normally time consuming as the sensor must be 

positioned at numerous points in the workspace and requires ground truth measurements by 

means of manual positioning, calibration phantom, robotic arm, or other tracking devices. Even 

after such a lengthy and tedious procedure, the map is valid only for a static environment. 

Therefore, this method does not take into account the dynamic nature of the clinical settings. As a 
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result, during the clinical procedure, this resource intensive calibration process should be repeated 

for every field distortion change, and a critical portion of the workspace where the patient is 

located may be inaccessible for such recalibrations. Overall, in true clinical settings with dynamic 

changes due to movement or operation of imaging devices, surgical tools or tables, monitors, etc, 

this approach is ineffective and may in fact exacerbate the tracking error.  

Fusion approaches rely on redundant and independent (undistorted) means of 

measurement, such as alternative types of tracking systems (imaging [13], optical [14], inertial 

[15]) or an array of EM transmitters and/or sensors fixed at known spatial coordinates, normally 

on the exterior surface of the workspace [16], [17], [18]. The distortion map is then created based 

on fusion of the information provided by the alternative tracker, or the assumption that the sensor 

array remains partially undistorted. Fusion-based methods are inefficient in nature as they either 

demand external tracking technologies, or an unnecessarily large number of redundant elements, 

in which case the field distortion is also determined accurately only in the vicinity of the 

redundant elements which are normally mounted on the exterior surface of the workspace and 

away from the region of interest. Furthermore, these methods are costly, may introduce additional 

errors due to spatial/temporal calibration between the tracking systems or sensors, and overcrowd 

the surgical site with excessive devices. 

Currently various clinical applications of EM tracking are hampered by these limitations, 

and this paper presents an original method for dynamic field distortion compensation. 

3.3 Methods 

Dynamic field distortion compensation can be achieved through two steps. First, a system 

identification step is performed to identify the physical configuration and properties of the 

sensors. The second step is then performed to create and update the distortion map in real-time 

and provide simultaneous tracking and calibration. 
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3.3.1 System Identification 

This step is only required if the parameters of the experimental setup are not previously 

known. In this case, the system identification is performed only once, off-line, and pre-

operatively in a controlled environment free from field distorting objects. This step is independent 

of the SLAM process and the actual operating environment. The goal is to carry out preliminary 

quantification of temporal, spatial (kinematic), and error parameters of the sensors attached to the 

tracked instrument. 

3.3.1.1 Experimental Setup 

The experimental setup employed in this work is illustrated in Figure  3-1. It should be noted that 

this setup is not meant to resemble any clinical procedure; it only serves as a conceptual platform 

to analyze and study the performance of the proposed method. 

In this experiment two redundant sensor are used; thus, three (Model 800) EM sensors	����, 
(i = 1, 2, 3) are mounted on a rigid tool and attached to the instrument (see also Figure  3-8 for a 

larger view). An optical tracker provides ground truth observations of the instrument’s pose ��� 
and is used for validation. Note that the optical tracker only provides ground truth measurement 

and it is not part of the SLAM process. An Ascension (Burlington, VT, USA) trakSTAR is used 

to collect the EM sensory information, and an NDI (Waterloo, ON, Canada) Polaris Spectra is 

used to collect the ground truth measurements for assessment. The instrument is also driven by 

two parallel robotic manipulators providing arbitrary and repeatable motion trajectories. The 

robotic manipulator is also not part of the SLAM process and it is used only to explore the effects 

of different speeds and motion patterns on the performance of the SLAM algorithm. 

3.3.1.2 Temporal Parameters 

Quantification of temporal parameters is only necessary if measurement devices do not share 

accurate external hardware synchronization. Temporal parameter estimation determines the 
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relative latency between time-stamps of various sensors and ensures that observations match at 

any given time-stamp. The Ascension EM tracking device used in this experiment connects to all 

EM sensors and provides synchronized measurements. Therefore, there is no need to quantify the 

temporal parameter. However, in order to validate the proposed approach with the ground truth 

optical tracker, a constant latency is estimated using correlation analysis [167] and applied to 

synchronize the EM measurements with the measurements of the optical tracker. 

It should be noted that the magnitude of errors introduced due to inaccurate temporal 

parameter quantification is proportional to the speed of motion. For example, a 10 ms temporal 

calibration error results in 1 mm position error if the instrument moves at the speed of 0.1 m/s. 

Consequently, ground truth measurements cannot be provided accurately by the optical tracker at 

high speed motions. Therefore, in our experiment, high speed motions are precluded to avoid 

complexities arisen from such inaccuracies and other undesired dynamic measurement behavior. 

Fortunately, surgical instruments do not move fast for patient safety.  

 

Figure  3-1: Experimental setup with labels for relevant coordinate systems and transformations.The 

optical tracker only provides ground truth pose measurement and is not part of the SLAM.  
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3.3.1.3 Spatial Parameters 

Given a total of n sensors installed to track the instrument, spatial parameters identify the relative 

transformations between the sensor frames	����, (i =1, 2, …, n) and an arbitrary frame ��� on the 

tracked instrument (see Figure  3-1). The homogeneous transformations �	
��  from each sensor 

frame ���� to the EM tracker reference frame ����� are provided by the EM tracking system.  

As mentioned earlier, to assess the performance of the method, an independent optical 

tracker is employed to provide absolute (ground truth) transformation ��� from ��� to ��� which 

is acting as the optical tracker reference frame (see Figure  3-1). The unknown transformations ��� 

from ��� to each sensor ���� and �	
��  from ��� to the reference frame ����� are then computed 

using a well established concurrent hand-eye nonlinear optimization [168]. Consequently, the 

instrument’s pose is measured via each sensor as �	
��  = �	
�� ∗ ��� and observed via the ground 

truth as �	
��  = �	
�� ∗ ��� for assessment.  From this point onwards all points and vectors are 

expressed in the reference frame	�����. 
3.3.1.4 Error Parameters 

As EM measurements contain nonuniform error distributions over the tracking volume [169] both 

systematic (bias) and random (jitter) errors need to be characterized. For convenience this was 

done with the same optical tracker, but error characterization could have been done just as easily 

with a calibration phantom [170] or manual positioning [21]. The robotic manipulator is used to 

place the sensors in various positions in the measurement volume, and the measurement error at 

each position is determined using the ground truth (i.e. optical tracker) observations. Although the 

error may also depend on sensor orientation, the minor impact of orientation is neglected here 

[171], and measurement uncertainties are computed as a function of sensor position  �� = 

[�� 	�� 	��]� only. 
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First, systematic errors are modeled and compensated using a robust (bisquare reweighting) 

second-order polynomial multilinear regression as a function of sensor position. This is 

performed to remove the bias, resulting in zero mean error distributions. For each measurement 

sample, the associated random errors characterizing measurement uncertainty can then be 

modeled and computed in real-time as zero mean normally distributed random variables with the 

variance �	��  given as: 

�	�� = 	Ψ!"� , �� , $%, &�' (1)

where "� contains the coefficients (weights) of the function Ψ found using the same robust 

regression method, $� is the Frobenius norm of a discrepancy matrix that indicates deviations 

from the fixed known transformations between the sensors, and &� is a signal quality (distortion) 

measure provided by the tracking device, indicating the extent to which the measurements are 

reliable. 

3.3.2 Simultaneous Tracking and Calibration 

In a clinical environment with field distorting objects present, a field distortion map needs to be 

created and updated, in order to dynamically calibrate for systematic errors while tracking the 

instrument. In this step, a probabilistic extended Kalman filter (EKF) SLAM algorithm is 

formulated to simultaneously estimate the pose of the tracked instruments and update the 

parameters of the field distortion model.  

3.3.2.1 Preliminary 

For the frame	���, let �( = [��	��	��] denote the position vector, with �) ( representing the linear 

velocity. Also, let *( = [+,	+-	+�	+.] denote the orientation (quaternion), with /( = [01 	02	03] 
representing the angular velocity. Given the sampling time Ts at each discrete time step k=1, 2, 

…, K, the state vector describing the pose and velocity of the tool is defined as 45 
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=	[�(!5'	*(!5'	�) (!5'	/(!5']�. It is assumed that an initial state value 4, is given, and the 

remaining values 4-:7 are to be recovered. 

At each point in the workspace, the measurement errors (actual pose minus sensor 

measurement) to be compensated for can be combined and represented by a vector, forming a 

vector field in the tracking volume. It is, however, computationally very expensive to estimate a 

large number of the vector field components over a relatively dense grid. Instead, for each 

degree-of-freedom (DOF) j, the field distortion can be modeled with a distortion estimator 

function Ω9!	���' describing measurement error (bias) as a function of sensor position	���. This 

distortion function is based on a multivariate Gaussian function, allowing for a continuous and 

differentiable map, with a distortion map vector :9 defined to contain the parameters of	Ω9.  
Let also : be the set of all field distortion map parameters (:9 parameters for all DOFs), 

and ;!	���' be the set of all the	Ω9!. '. Therefore, ; can estimate the field distortion in the 

vicinity of each sensor position, once given the state 4 and the parameters	:. The estimated bias 

values can then be compensated for each sensor.  

3.3.2.2 SLAM Formulation 

Given sensory observations = including the measurements of all the EM sensors, the EKF-SLAM 

algorithm can be used to estimate the state 4 and the parameters	:. For that, the EKF-SLAM 

requires the formulation of a motion model as well as an observation model.  

The motion model is used for prediction	�!45|45?-' and describes the state transitions as 

expressed in (2). It can be noticed that the state transition is assumed to be a Markov process, 

such that 45 depends only on the previous state 45?- and not the entire history	4,:5?-.  

The observation model is then used to correct this prediction, by describing the probability 

of making sensory observations =5 given the state and the map parameters	�!=5|45,:5'. 



 

 

39 

 

Therefore, the observation model establishes a relationship between the observations =5 and the 

map parameters for the current state as expressed in (3). 

45=	@!45?-' + B5	 (2)

=5	=	C!45,:5' 	+ D5 	 (3)

In these models, B5 ∼ F!G,H' is a Gaussian random vector with a constant covariance H 

describing uncertainty in the state transitions, while D5 ∼ F!G,I5' is a Gaussian random vector 

with an estimated covariance I5!�	�!5'� ' describing uncertainty in measurements computed in 

real-time at each time step k.  

Given the state vector 45 and the map parameters	:5, the functions @!. ' and C!. ' along 

with their covariance matrices H and I5 are formulated based on a white noise acceleration 

model [25] with quaternion representation [172] as expressed in (4). In this formulation, the skew 

symmetric matrix ɸ is given by (5) [173].  

KLL
LM�(!5'	*(!5'�) (!5'/(!5'NOO

OP =
KL
LL
M�(!5?-' + �Q�) (!5?-'	e�Sɸ!/T!U''	*(!5?-'�) (!5?-'/(!5?-' NO

OO
P

(4) 

ɸ!/' = 	 -� V/ × /−/� 0Y	 (5) 

3.3.2.3 EKF-SLAM Solution 

Properties of EKF-SLAM are described in [174]. Particularly, this formulation assumes that 

probability distributions can be represented by their first (Z5) and second ([5) moments (6). 

Therefore, given an initial value 4, and the set of all the observations	=-:5, an EKF-SLAM [19] is 

then applied to compute the mean Z5 = [4\5 	:\ 5]] (with ^ representing the best estimate at time 
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step k) and the covariance [5 (representing uncertainties associated with the best estimate) of the 

joint posterior distribution	�!45 ,:5|=-:5, 4,' as given in (7) and (8). 

�!45 ,:5|=-:5 , 4,' 	∼ F!Z5 , [5' (6)

Z5 = 	 ^ 4\5:\ 5_ = E Va 45:5b | =-:5Y	 (7)

[5 =	 ^[11 [1c[1c [cc_ = E de 45 − 4\5:5 −:\ 5f e 45 − 4\5:5 −:\ 5f
] | =-:5g (8)

Considering h5 = [45 	:5]] as the full joint state vector, and i!h5' = [@!45'	:5]] as 

the joint state motion model, the time update (prediction) equations are given in (9) and (10). In 

these equations, ∇i is the Jacobian of F with respect to X evaluated at Z5?- as expressed in (11). 

Zk5 = i!Z5?-' (9)

[k5 = ∇i[5?-∇il +H	 (10)

∇i[�,9] = mi[�]mh[9] |ZUno (11)

Given the measurements, the observation update (correction) equations are expressed in 

(12) and (13). In these equations, ∇C is the Jacobian of h with respect to X evaluated at Zk5 as 

given in (16), and p is the Kalman filter gain (14).  

Z5 = Zk5 +p5!=5 − C!Zk5'' (12)

[5 = [k5 −p5q5p5l	 (13)

p5 = [k5∇Clq?- (14)

q5 = ∇C[k5∇Cl + I5 (15)
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∇C[�,9] = mC[�]mh[9] |ZkU  (16)

3.4 Results 

In the system identification step, first the acquisition latency between the measurements of 

EM sensors and the ground truth optical tracker was estimated. Assessing with the manipulator 

encoders (1 kHz sampling rate), a temporal resolution of ~9 ms was achieved. Subsequently, the 

kinematic parameters were quantified using 63 poses spanning our workspace (see Figure  3-2), 

measurement uncertainties (�	�� ) were modeled, and the systematic errors were modeled and 

compensated, resulting in final errors less than 0.2 mm and 5 degrees for translation and 

orientation measurements, respectively. A sample of the actual error distribution (probability 

density function) and the modeled Gaussian representation within our workspace is illustrated in 

Figure  3-2. Next, experiments with both a constrained one-dimensional motion, and a free motion 

with the 6 DOF were performed.  

3.4.1 Constrained One-Dimensional Motion 

Two series of experiments were performed to evaluate the performance of our approach with field 

distorting objects. First, we tested our method with a block of aluminum profile (25×25×50 mm) 

placed ~200 mm away from the transmitter. Aluminum is paramagnetic (µr ≈ 1), but electrically-

conductive (σ ≈ 40 MS/m) and the induced eddy currents can distort the EM field. We then added 

a block of steel (10×30×50 mm) at ~50 mm from the transmitter. Steel is ferromagnetic (µr ≈ 

4000) and also conductive (σ ≈ 4 MS/m), which can highly distort the EM field.  

The planned trajectories were executed using the robotic manipulator, resulting in three 

one-dimensional translations of the instrument. The data from the sensors and ground truth were 

recorded and our proposed method for simultaneous tracking and field distortion mapping was 

applied. We compared our SLAM pose estimation results with those of a  conventional  EKF  
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sensor fusion approach [25]. The EKF formulation was identical (states, motion and observation 

models) to SLAM, except EKF did not map and compensate for the field distortion. To evaluate 

 
(a) 

 
(b) 

 
(c) 

Figure  3-2: Hand-eye calibration (a), measurement error distribution, and modeled Gaussian 

representation (b, c). 
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the performance of each method and to quantify the estimation error, we computed the mean and 

standard deviation of the estimation error over the entire range of motion. 

Figure  3-3 and Figure  3-4 illustrate the tracking error and the field distortion maps. Figure 

 3-3 shows the distortion caused by the aluminum block and the resulting estimation errors, while 

Figure  3-6 shows the same for the steel block. For the distortion maps (a), the horizontal axis 

represents the EM sensor position provided by the ground truth and the vertical axis represents 

the EM measurement error caused by distortion. For the position errors (b), the vertical axis is the 

EM measurement error (ground truth minus EM measurement).  

For distortion maps (Ω), the solid magenta line is the ground truth observed by the optical 

tracker, the blue squares are the samples computed by SLAM, and the dashed blue line is the 

estimated model by the field distortion multivariate Gaussian estimator Ω. For position errors, the 

red circles and the green stars are direct sensor observations, the dashed cyan is the EKF sensor 

fusion without mapping, and the blue line with squares is the SLAM.  

 
(a) 

 
(b) 

Figure  3-3: Tracking error and field distortion mapping for distortion caused by a conductive (aluminum) 

object (a). Observed (S1: sensor 1 and S2: sensor 2) and estimated (Sensor Fusion and SLAM) position 

errors (b). Data is downsampled for clarity. 
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Within our workspace, we observed measurement errors of maximum 2 mm in the 

presence of the conductive aluminum block, while the errors increased up to 8 mm with the 

introduction of the ferromagnetic steel block. Compared to the EKF sensor fusion, our SLAM 

approach reduced the tracking error from 0.31±0.22 mm to 0.11±0.14 mm in the presence of 

aluminum, and from 3.94±1.61 mm to 1.82±0.62 mm in the presence of steel. 

3.4.2 Free Motion 

An experiment was next performed for free motion with two blocks of steel (10×30×50 mm) 

positioned at ~ [250 200 0]
T
 mm in the transmitter reference frame �����. Steel can highly distort 

the EM field, as it is both ferromagnetic (µr ≈ 4000) and conductive (σ ≈ 4 MS/m). Figure  3-5 

illustrates the resulting field distortion error. 

The data from the sensors and the ground truth were recorded while the instrument was in 

free motion (manually) and our proposed method for simultaneous tracking and field distortion 

mapping was applied.  

 
(a) 

 
(b) 

Figure  3-4: Tracking error and field distortion mapping for distortion caused by a ferromagnetic (steel) 

object (a). Observed (S1: sensor 1 and S2: sensor 2) and estimated (Sensor Fusion and SLAM) position 

errors (b). Data is downsampled for clarity.  
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Figure  3-6 compares the tracking error of SLAM with the EM sensors. The left column (a, 

c, e) shows the tracking error in position X, Y, and Z, while the right column (b, d, f) shows the 

tracking error in orientation A, E, R (ZYX Euler angles: Azimuth, Elevation, and Roll).  

(a) 

(b) 

Figure  3-5: Field distortion error for 6-DOF.The position field distortions (a) represented by [x y z], and 

the orientation field distortion (b) represented by [A E R] Euler angles (ZYX).  
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure  3-6: Tracking error of SLAM compared to the EM sensors.The left column (a, c, e) shows the 

tracking error in position X, Y, and Z, while the right column (b, d, f) shows the tracking error in 

orientation A, E, R (ZYX Euler angles: Azimuth, Elevation, and Roll). Data is downsampled for clarity. 
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Within our workspace, we observed measurement errors of maximum ~16 mm and 

~15 degrees in the presence of the ferromagnetic steel block; while in the SLAM formulation the 

maximum errors are ~6 mm and ~6 degrees. The SLAM tracking error for each DOF is tabulated 

in Table  3-1. 

3.5 Discussion 

The SLAM approach provides superior tracking performance in the presence of both conductive 

and ferromagnetic field distorting objects. Also, due to the underlying Kalman filter formulation, 

it minimizes the jitter error. We observed that the aluminum block, which is highly conductive, 

did not considerably distort the measurements. This indicates that the transmitter used in our 

experiment (Ascension) is successful in suppressing the interference of the induced eddy current 

in aluminum by generating a pulsed DC EM field. It is however unable to compensate for the 

ferromagnetic or external EM interferences. 

For practical reasons, we were particularly interested to identify both the minimum 

distance rc�s that sensors can be mounted from each other, and the maximum linear speed tcu1 

that the instrument can navigate while allowing for satisfactory reconstruction of the field 

distortion map. Note that a similar analysis can be performed for the maximum angular speed as 

well. Based on Nyquist-Shannon sampling theorem, if the maximum spatial frequency of the 

Table  3-1: Estimation Error (SLAM). 

 

a) Values represent position error in mm or orientation error in degree. 
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distortion map is vcu1 , then we need samples with at least 2vcu1 frequency to reconstruct the 

map. Therefore, given the EM sensor sampling frequency �
c , we need �
c tcu1⁄ > 2vcu1 or: 

tcu1 < �
c2vcu1 (17)

Using the Fourier transform, Figure  3-7 shows the spectrum of distortion maps from some 

of our experiments. From this figure, using a very conservative threshold of 30 dB, the maximum 

spatial frequency can be considered as vcu1 = 16 Cycles/m. Given the measurement sampling 

frequency �
c= 60 Hz, we can then compute the maximum speed tcu1 = 1.87	m/s that the 

instrument can navigate and allow for satisfactory reconstruction of the map. We should, 

however, consider that fast motions may introduce other sources of errors, due to the dynamic 

behavior of the measurement device and inaccurate temporal calibration. Furthermore, in order 

for the redundant sensor to remain in the mapped region, rc�s should be greater than t �
c⁄ , 

therefore: 

rc�s > t�
c (18)

Using the above maximum speed for t and measurement sampling	�
c, the minimum 

distance that sensors may be mounted is rc�s = 3 cm. However, this distance may potentially 

decrease if the instrument speed  t is less than the maximum speed, provided that the sensors do 

not interfere with each other [175]. 

 

Figure  3-7: Distortion map spectrum showing the range of spatial frequencies. 
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3.5.1 Limitations 

The fundamental mathematical principles and framework for SLAM is well-established. 

However, there are several major factors that should be considered for practical implementation. 

Note that some of these limitations are still open research problems. 

3.5.1.1 Computational Complexity 

The tracking device uses mathematical models to process the raw EM field measurements and 

compute the pose of each sensor. Our maps are created based on the information provided by the 

tracking device, and do not map the actual EM fields. Therefore, the created map is specific to 

each type of sensor, and may not be generalized for different types. If a variety of sensors are 

used, multiple maps are required. 

The classic EKF-SLAM assumes Gaussian distributions and is computationally intensive 

for large number of map parameters, particularly if more complex field distortion estimators (with 

more parameters) are used. In fact, the dimension of the covariance matrix is approximately 

quadratic in terms of the number of the map parameters, and this matrix is updated during the 

time update (eq. 10) and observation update (eq. 13) in every time step. The off-diagonal 

elements of the matrix carry important information and researchers have shown that the solution 

may diverge if these elements are ignored [176]. Therefore, in order to improve the scalability of 

the EKF-SLAM extensions such as map decomposition (submaps) and alternative representations 

were proposed [177], [178], [179], [180], [181], [182], [183]. For higher-dimensional systems, or 

when the Gaussian representation is not valid, a more efficient implementation, such as particle 

filter based SLAM (FastSLAM) would be preferred [184], [185]. 

3.5.1.2 Nonlinearity and Convergence  

The convergence is theoretically guaranteed for linear functions; however, EKF-SLAM uses the 

Jacobian matrices ∇i and ∇C to linearize the motion and observation models. Therefore, the 
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choice of these functions could lead to inaccurate estimations, particularly at some (singular) 

operating points where the linearized function does not closely represent the nonlinear function. 

Luckily, in our formulation, we did not face any issue with the linearization and the covariance 

matrix values converged to lower bounds.  

3.5.1.3 Highly Dynamic Environments 

We should highlight the time varying nature of the SLAM algorithm. Current static calibrations 

may perform satisfactorily if the environment remains stationary. However, due to the movement 

and operation of devices during the procedure, the calibration becomes less effective. Therefore, 

the static calibration performance degrades over time, and re-calibration would be necessary at 

least over the region of interest. In contrast, in our SLAM approach the calibration improves over 

time. The more observations are made by the sensors, the more reliably the distortion map and the 

pose of the instrument are estimated.  

This leads to the important issue of real-time map updates and optimization. To optimize 

processing speed, we only update the map (Ω), if a sample estimated by the SLAM is noticeably 

different (0.2 mm threshold due to noise) from the one estimated by the current map (Ω). This 

helps the algorithm to converge quickly and remain stable. Further optimization and mapping for 

highly dynamic environments, though possible, are not within the scope of this paper [165], 

[177], [186], [187].  

3.5.2 Optimization and Alternative Approaches 

3.5.2.1 SLAM by Position 

We observed that orientation measurements were severely susceptible to field distortion. Since 

the EM sensors ���� are placed away from the tracked instrument ��� and indirectly observe the 

pose of the instrument’s tip, these measurement orientation errors transform into considerable 
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errors at the tip positions (�	
��  = �	
�� ∗ ��� ). Therefore, in the next stage of this project, we will 

develop an alternative method to improve the performance of our approach. We will only map for 

the 3D position field distortion error, and introduce a virtual coordinate frame ��� based on these 

sensor positions measurements (see Figure  3-8). We believe this method could help improve the 

pose estimation accuracy, while reducing the computational time. 

3.5.2.2 Full-SLAM 

In some applications it is desirable to perform a batch processing. In other words, instead of 

solving real-time SLAM, we prefer to store all the observations first, and then recover the joint 

posterior probability over the entire trajectory �!4-?� ,:|=-:�'. For example, this is extremely 

useful for precise path reconstruction. This formulation does not require a static pre-calibration, 

but assumes that : is time-invariant during the batch process. In this case, all observations can be 

collected and then a full-SLAM algorithm can process all the data (offline).  

The most popular approach is a nonlinear sparse optimization (Graph SLAM) [188]. The 

solution to the full-SLAM problem is given by (19). Under the Gaussian assumptions, the 

objective function can be formulated as (20) [174]. 

  

 

Figure  3-8: A larger view of the 3D printed tool to rigidly hold the sensors,with labels for relevant 

coordinate systems.  
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!45∗ 	:∗' = argmax4o:�,: log�!4-:� ,:|=-:�'	 (19) 

log�!4-:� ,:|=-:�' = ����� 
+	�[45 − @!45?-']�H?�[45 − @!45?-']5  

+	�[=5 − C!45 ,:']�I�?�[=5 − C!45 ,:']5

(20) 

3.6 Conclusion 

We present the first demonstration of the concept of SLAM in EM tracker error compensation. 

We introduced dynamic field distortion mapping to provide simultaneous tracking and calibration 

(SLAM) for EM tracking systems. Our method can accurately estimate the instrument’s pose and 

create a map for the field distortion in real-time, providing robust EM navigation for potential 

clinical procedures. We first quantify spatial and temporal parameters, and analyze measurement 

uncertainty. We then apply a statistical algorithm to dynamically create and update the distortion 

map. Through experiments in the presence of both ferromagnetic and conductive field distorting 

objects, our approach demonstrated considerable reduction in the localization error, compared to 

a conventional EKF sensor fusion method. We will experimentally investigate the constraints on 

maximum navigation speed and minimum spacing between the sensors, by testing different 

sensor positioning and generating trajectories at various sensor motion speeds. We will also 

further develop our SLAM algorithm, implement our alternative methods, prepare a 

comprehensive platform for 6 DOF extensive testing, and assess our SLAM approach for other 

EM tracking systems. 
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Chapter 4 

Needle Deflection Estimation using Fusion of Electromagnetic Trackers
2
 

We present a needle deflection estimation method to compensate for needle bending during 

insertion into deformable tissue. We combine a kinematic needle deflection estimation model, 

electromagnetic (EM) trackers, and a Kalman filter (KF). We reduce the impact of error from the 

needle deflection estimation model by using the fusion of two EM trackers to report the 

approximate needle tip position in real-time. One reliable EM tracker is installed on the needle 

base, and estimates the needle tip position using the kinematic needle deflection model. A smaller 

but much less reliable EM tracker is installed on the needle tip, and estimates the needle tip 

position through direct noisy measurements. Using a KF, the sensory information from both EM 

trackers is fused to provide a reliable estimate of the needle tip position with much reduced 

variance in the estimation error. We then implement this method to compensate for needle 

deflection during simulated prostate cancer brachytherapy needle insertion. At a typical 

maximum insertion depth of 15 cm, needle tip mean estimation error was reduced from 2.39 mm 

to 0.31 mm, which demonstrates the effectiveness of our method, offering a clinically practical 

solution. 

4.1 Introduction 

Percutaneous needle insertion is involved in many clinical diagnostic and therapeutic procedures, 

such as biopsies, regional anesthesia, neurosurgery, and prostate brachytherapy [10]. Contrary to 

casual observation, needle-based interventions can be extremely complex, especially when needle 

deflection and tissue deformation exacerbate needle placement error. 

                                                      

2
 This work has been published in International Conference of the IEEE Engineering in Medicine and 

Biology Society (EMBC), San Diego, California USA, 2012. It was supported in part by the Natural 

Sciences and Engineering Research Council of Canada (NSERC). Gabor Fichtinger was supported as 

Cancer Care Ontario Research Chair.  
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Over the past two decades, prostate brachytherapy has been established as a definitive 

treatment for early stage prostate cancer [59]. The process of a typical brachytherapy treatment 

starts with computerized planning to identify the optimal locations for the implanted radioactive 

sources (seeds), such that an adequate radiation dose is received by cancerous prostate cells, 

while no more than a tolerable dose is received by the surrounding tissues. During the 

implantation process, with the patient in lithotomy position, needles are inserted into the prostate 

through which 50 to 120 small radioactive seeds are permanently implanted at preplanned target 

positions, under the real-time transrectal ultrasound (TRUS) guidance. The seeds remain 

permanently in the prostate and continue to emit radiation until eventually becoming inactive. 

Despite the popularity of brachytherapy and its emerging technological improvements, 

accurate needle placement still poses a major challenge. It is shown that the dosimetric quality of 

the implant degrades with needle divergence [77], and needle deflection is considered a major 

source of error contributing to such inaccurate needle placements [10]. Current clinical 

brachytherapy needles are relatively rigid, and made of steel with a thickness of 17 or 18 Gauge 

(1.47 mm or 1.27 mm). However, their bevel tips cause the needles to experience asymmetric tip 

forces, causing unwanted bending during insertion, and increasing targeting error [189].  

To reduce placement errors, physicians adjust the needle tip position by retracting, and then 

repeatedly reinserting the needle from slightly different initial positions. However, multiple 

reinsertions may lead to excessive trauma, which in turn may increase the severity of edema and 

swelling. Tissue swelling may increase prostate volume significantly, often as much as doubling 

the original volume. As the half-life of the swelling is comparable with the half-life of the 

implanted isotope, the prostate may become severely under-dosed, which may lead to failure to 

control the cancer and recurrence of the disease. Therefore, it is imperative to reduce prostatic 

trauma caused by multiple insertions.  
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Reliable and accurate needle deflection estimation can help compensate for needle bending 

before and during insertion and thus reduce tissue trauma by reducing the number of reinsertions. 

4.2 Related Work 

There are a number of static (or quasi-static) needle deflection models available. For example, in 

[190], a series of rigid bars connected by angular springs was used for simulation of needle 

deflection. In [89], linear beam theory was used to estimate the deflection based on the needle 

insertion depth. However, the estimated deflection was less than the actual deflection, and the 

authors suggest the existence of additional degrees of freedom acting on the needle. Therefore, to 

compensate for such estimation error, in [85], [92], [93], the needle was modeled based on beam 

theory, and the amount of deflection was estimated based on the insertion depth as well as 

measurements of forces and torques on the needle base. In [99], model parameters were estimated 

in real-time to support needle steering with the use of a linear beam-based needle model. 

For flexible needles, lateral manipulation of the base can affect tip motion; therefore, a 

kinematic relationship between the base and the tip motions can be established. For example, 

[102] demonstrates the use of the Jacobian matrix to correlate the tip velocity to that of the base. 

Also, [104] models the kinematics of a flexible bevel tip needle as a nonholonomic system and 

validates the results through several experiments. As the interaction between needle and tissue is 

stochastic in nature, identical multiple insertions of a flexible needle into soft tissue results in 

varying trajectories [106]. In order to better represent the interaction in [108], a noise model was 

introduced to tune the parameters of the nonholonomic model. 

These attempts on improving needle deflection modeling share one basic limitation: 

sensitivity to model parameters. In this approach, in order to accurately estimate the deflection, 

the model parameters are required to be precisely quantified based on simulation and/or 

experimental data.  
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Consequently, the resulting estimate is highly susceptible to variations of these parameters. 

In a true clinical setting, neither the biomechanical properties of the soft tissue, nor the 

mechanical properties of the needle can be precisely quantified a priori. For example, during a 

prostate brachytherapy procedure, the needle flexibility varies with the number of seeds loaded 

within the needle shaft, causing intermittent changes in the model parameters of the needle. As a 

consequence, estimates relying on a deflection model that is based solely on a priori known 

parameters are inherently unreliable and thus clinically impractical. 

4.3 Fusion of Electromagnetic Trackers 

Needle tip estimation error caused by uncertainty in the needle deflection model parameters can 

be reduced using measurements taken directly from the needle tip. Available clinical 

instrumentation to localize the needle tip produces noisy and inaccurate results. At the same time, 

needle base movements can be measured with less noise and greater accuracy using sensors, such 

as optical trackers, encoders, camera, etc. 

The needle tip position can be estimated using accurate needle base measurements and 

needle deflection models, but it is subject to parameter uncertainties. The needle tip position can 

 

Figure  4-1: Proposed sensor fusion system block diagram.The KF combines both estimates of the needle 

tip position, and provides a more reliable prediction of the needle tip position. 
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be directly measured, but it is subject to measurement noise and inaccuracies. It is posited in this 

paper that an appropriate combination of these will substantially reduce overall needle tip 

position estimate error. 

In this work, electromagnetic (EM) trackers are considered to take measurements from 

both the needle base and the needle tip, and a Kalman filter (KF) is used to fuse this sensory 

information. Given both sets of measurements, the KF reduces the needle tip position estimation 

error at each time step, and continually provides a reliable estimate with minimum estimation 

error variance. The block diagram of the proposed system is presented in Figure  4-1. 

4.3.1 EM Trackers 

Although EM trackers are relatively new in medical applications, their popularity is increasing, 

primarily due to their minimal size, lack of line-of-sight restrictions, and ability to track surgical 

instruments inside the body. Unfortunately, they are susceptible to distortion by metallic objects, 

including some surgical instruments, and are less accurate than other tracking devices, such as 

optical trackers.  

 

Figure  4-2: Tip sensor measurement error at 300 mm from the transmitter. 
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In brachytherapy, EM-tracking of both the needle base and the needle tip is clinically 

feasible in combination with any of the standard after-loading techniques, where the needle is 

inserted first, then the central trocar (housing the EM tracking coil) is retracted, and the 

radioactive sources are loaded into the needle [191]. 

 

 

Figure  4-3: Accuracy and precision test of the EM trackers.The + signs show the known grid points. Each 

circle represents a set of measurements, centered at the mean, with the radius proportional to variance. X 

and Y are the coordinates of the sensors with respect to the transmitter. 
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In this work, in order to reasonably simulate sensor measurement errors, a simple 

experiment is performed to study the accuracy and precision of the EM tracker. The experiment 

uses an Ascension trakSTAR EM tracker to collect sensory information from the base and tip of 

the needle. An 8 mm (Model 800) sensor is attached externally to the base, and a 0.55 mm 

(Model 55) sensor is placed internally within the lumen at the tip. Due primarily to the difference 

in sensor size, the tip sensor has considerably more noise and is less precise than the base sensor. 

A sample of measurement error from the tip sensor is illustrated in Figure  4-2. 

The accuracy and precision of both sensors are experimentally approximated, using a 3 by 

6 grid as the ground truth. At each grid point more than 2,000 samples are collected, and the 

mean and variance are calculated, as illustrated in Figure  4-3. 

These experiments suggest an optimum operation range of 100 mm to 300 mm from the 

transmitter. Based on this experimental data, the accuracies of the two sensors are modeled for 

this range, as illustrated in Figure  4-4. Furthermore, to represent the precisions of the sensors, 

variance for each sensor is also derived and modeled from this data. In this operation range, as the 

sensor moves away from the transmitter, the standard deviation increases from 0.0 mm to 0.2 mm 

 

Figure  4-4: Simulated sensor error models.Points in each graph show the simulated measurement data, 

and the measurement mean is represented by the dashed lines. 
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for the base sensor, and from 1.5 mm to 3.0 mm for the tip sensor, as can be observed in Figure 

 4-4. 

4.3.2 Kalman Filter Formulation 

The filter was formulated as follows: 

�5 = ��5?- +�5?- (1)

�5 = ��5 + �5 (2)

Equation (1) represents the linear stochastic difference equation of the process model with 

the state �5 = [� �) ]� where � is the 3 degrees of freedom (DOF) coordinates of the tip at 

discrete time steps of � = 1, 2, 3,… . The process is modeled with � = V� ��0 � Y where �� is the 

sampling time(s), and acceleration terms are considered as a Gaussian process noise as denoted 

by �5 ∼ �!0, �'. 
Equation (2) represents the measurements �5 = [�� ��]�, where �� is the tip position 

estimated using the base measurements combined with a deflection model, and, �� is the tip 

position estimated using the direct tip measurements, with � = V� 0� 0Y, and a Gaussian 

measurement noise as denoted by �5 ∼ �!0, �'. 
The process noise covariance, Q, is considered constant, while the measurement noise 

covariance, R, changes at each time step. For both EM trackers, R is a function of the sensor 

signal quality, as provided by the tracking device. Also for the EM tracker installed on the base, 

the tip position estimate accuracy degrades due to deflection model uncertainties; therefore, R 

increases with insertion depth.  

In this work, a quadratic polynomial kinematic deflection model provides estimates of the 

tip position, based on the orientation of the needle tip bevel angle. This angle is estimated, given 

the base angle measurements combined with a model for the torsional lag along the needle. As 
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shown in [109] the torsional lag can be approximated by a first order system. The time constant 

was experimentally established to be τ=0.08 (ms), where d is the insertion depth (mm). 

4.4 Simulation Results 

This proposed method was implemented to compensate for needle deflection during a simulated 

prostate cancer brachytherapy needle insertion.  

At each distance from the transmitter, the sensor measurement error was assumed to have a 

Gaussian distribution, with the mean and variance derived from the experimental data collected 

(Figure  4-3). For each sensor, the error model was simulated accordingly, as illustrated in Figure 

 4-4. 

To validate the effectiveness of the KF, the simulated quadratic polynomial deflection 

model included a 50% perturbation in parameters. Given the deflection model and the KF 

formulation, the sensory information from both EM trackers was fused to continually provide a 

reliable estimate of the tip position, with minimum estimation error variance, as illustrated in 

Figure  4-5. 

 

Figure  4-5: Simulated prostate cancer brachytherapy needle deflection. 
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Simulations with several different random initial conditions showed that at a typical 

maximum brachytherapy insertion depth of 15 cm, this method reduces the needle tip mean 

estimation error from 2.39 mm to 0.31 mm. It can be seen that the complementary sensory 

information provided by the tip EM tracker significantly contributed to a reduction of the 

estimation error, despite noisy and inaccurate measurement data.  

Moreover, this KF formulation isolates the deflection model from the process model, 

allowing this filter to be applied to any needle deflection model. An alternative approach would 

be to integrate the needle deflection model with the process model, and use an extended Kalman 

filter (EKF) formulation for nonlinear deflection models, as illustrated in Figure  4-6. 

4.5 Conclusion and Future Work 

In prior works, needle deflection models estimated the needle tip position given various 

measurements taken from the needle base. However, these estimates relied heavily on the exact 

quantification of the model parameters, and did not account for the unavoidable uncertainties 

found in clinical settings. Therefore, deflection models relying exclusively on known parameters 

are inherently unreliable. However, using a simulated prostate cancer brachytherapy needle 

insertion, we showed that the parameter quantification uncertainties discussed in this work can be 

successfully compensated for by the introduction of an additional needle tip EM tracker in 

conjunction with sensor fusion.  

 

Figure  4-6: Alternative system process formulation of the Kalman filter. 
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Presently, we continue to theoretically examine the performance of our approach using 

various needle deflection models, and to experimentally verify the simulation results through 

prostate brachytherapy phantom studies. 
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Chapter 5 

Fusion of Electromagnetic Trackers to Improve Needle Deflection 

Estimation: Simulation Study
3
 

We present a needle deflection estimation method to anticipate needle bending during insertion 

into deformable tissue. Using limited additional sensory information, our approach reduces the 

estimation error caused by uncertainties inherent in the conventional needle deflection estimation 

methods. We use Kalman filters to combine a kinematic needle deflection model with the 

position measurements of the base and the tip of the needle taken by electromagnetic (EM) 

trackers. One EM tracker is installed on the needle base, and estimates the needle tip position 

indirectly using the kinematic needle deflection model. Another EM tracker is installed on the 

needle tip, and estimates the needle tip position through direct, but noisy measurements. Kalman 

filters are then employed to fuse these two estimates in real-time and provide a reliable estimate 

of the needle tip position, with reduced variance in the estimation error. We implemented this 

method to compensate for needle deflection during simulated needle insertions, and performed 

sensitivity analysis for various conditions. At an insertion depth of 150 mm, we observed needle 

tip estimation error reductions in the range of 28% (from 1.8 mm to 1.3 mm) to 74% (from 4.8 

mm to 1.2 mm), which demonstrates the effectiveness of our method, offering a clinically 

practical solution. 

5.1 Introduction 

Percutaneous needle insertion is involved in many clinical diagnostic and therapeutic procedures, 

such as biopsies, ablations, regional anesthesia, neurosurgery, and brachytherapy [10]. The 

                                                      

3
 This work has been published in IEEE Transactions on Biomedical Engineering (TBME), 2013. It was 

supported in part by the Natural Sciences and Engineering Research Council of Canada (NSERC). Gabor 

Fichtinger was supported as Cancer Care Ontario Research Chair. 



 

 

65 

 

success of the procedure highly depends on accurate needle placement to ensure reliable 

acquisition of diagnostic samples, or precise delivery of therapy. In order to guide the needle, 

physicians normally rely on their knowledge of the anatomic structures, kinesthetic feedback, and 

possibly some limited visualization provided by an imaging device. However, contrary to casual 

observation, needle-based interventions may remain extremely complex, especially when needle 

deflection exacerbates needle placement error.  

Needle deflection estimation techniques can not only compensate for needle bending, but 

also provide feedback for needle steering strategies required to correct the needle path or avoid 

sensitive tissue. Many mechanical models were proposed to estimate needle deflection during 

insertion into soft tissue. Yet, in order to accurately estimate the deflection, these approaches 

require precise quantification of the model parameters, which is not feasible in a true clinical 

setting. To tackle the challenges posed by such unavoidable uncertainties, the approach suggested 

in this study builds upon our preliminary work [21]. This method compensates for estimation 

error by fusing the sensory information of two electromagnetic (EM) tracker measurements, and 

reduces the impact of estimation error caused by the uncertainties inherent in needle deflection 

models and their parameters. 

In this work, we further improved and generalized the fusion process to accommodate the 

integration of a variety of deflection models, either directly, if a closed-form solution exists, or 

indirectly if the solution is computed numerically. We also incorporated the deflection model into 

the fusion process, and brought into play an extended Kalman filter (EKF) to cope with the 

resulting nonlinear stochastic difference equation of the process model, and compared the results 

with a Kalman filter (KF) formulation through extensive simulations. We subsequently performed 

sensitivity analysis in order to study the robustness of each method against variations of key 

parameters in the deflection estimation.  
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5.2 Needle Deflection Estimation 

The extent of needle deflection is not only correlated to the needle and tissue material properties, 

but also correlated to the needle insertion speed, diameter, and tip geometry [10]. Consequently, 

although the majority of needles used in clinic are relatively rigid, they still deflect during 

insertions, mostly due to their manufactured bevel shaped tip geometry, shown in Figure  5-1.  

In general, macroscopic observations of needle insertions indicate that bevel shaped tips 

deflect more than franseen, diamond or cone shaped tips. This is mainly due to the asymmetric 

forces applied on the beveled tip, resulting in unwanted bending during insertion, and increasing 

the targeting error [76]. 

Needle deflection is currently disregarded in many clinical procedures, and in many cases 

the resulting targeting error necessitates multiple insertions, which in turn cause an unnecessary 

increase in tissue damage. Needle deflection can be minimized by means of several approaches 

such as needle drilling or fast insertion [81], [192]. Alternatively, needle deflection can be 

modeled not only to allow for deflection compensation prior to insertion, but also to facilitate 

needle steering strategies that correct the needle path or avoid sensitive tissue [88].  

5.2.1 Prior Work 

There are a number of static (or quasi-static) needle deflection models available, for which a 

significant body of the underlying research is based on beam theory. More than a decade ago, 

deflection was estimated based exclusively on the insertion depth. However, the estimated 

 

Figure  5-1: Bevel shaped tip needle, 18 ga (1.27 mm diameter). 
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deflection was less than the actual deflection, and the involvement of additional factors in needle 

deflection was perceived [89]. Therefore, measurements of forces and torques applied to the 

needle base or along the needle shaft were also integrated in the subsequent models to account for 

such estimation error [90], [91], [92], [93]. To this end, the impact of needle diameter, and needle 

tip geometry on the insertion force was studied for different stages of needle insertion [76], [96], 

the force distribution along the needle shaft was estimated [97], and needle forces were measured 

and reported during clinical procedures [98]. Furthermore, the dynamics of needle-soft tissue 

interaction was predicted to estimate the parameters of the models in real-time [99]. 

 For highly flexible needles undergoing multiple bends, the deflection was also estimated 

given the distributed load along the needle shaft, and the force at the needle tip [101]. In these 

needles the tip motion can be influenced by the manipulation of the base; therefore, a kinematic 

relationship between the base and the tip motions can also be established. The majority of 

existing kinematic models rely on angular and linear displacement of the needle base along and 

about the insertion axis. For example, a Jacobian matrix approach was used to correlate the tip 

velocity to that of the base [102]. Also, the nonholonomic unicycle motion was generalized to 

model the kinematics of a flexible beveled tip needle, as a trajectory with a constant radius of 

curvature [104]. Furthermore, it was demonstrated that the radius of curvature can also be 

adjusted via duty-cycled spinning of the needle base [105]. 

As the interaction between the needle and tissue is stochastic in nature, identical multiple 

insertions of a flexible needle into soft tissue results in varying trajectories [106], and the 

deflection is therefore not completely repeatable [107]. Consequently, in order to better represent 

the interaction, a noise model was introduced to tune the parameters of the nonholonomic 

model [108]. The deviations of the needle tip arising from identical needle base movements were 

further characterized [107]. The repeatability of flexible needle insertion into ex vivo and in vivo 
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tissue was also explored, and it was shown that steerable needles curve differently for tissues with 

different properties [88]. 

Aside from inaccuracies embedded in the deflection models due to necessary 

simplifications made in the needle-soft tissue interaction analysis, the majority of these 

techniques share one fundamental limitation: sensitivity to model parameters. In other words, in 

order to accurately estimate the deflection, these attempts require the model parameters to be 

precisely quantified based on simulation and/or experimental data. Consequently, the resulting 

estimate is susceptible to variations of these parameters.  

In a true clinical setting, neither the soft tissue biomechanical properties, nor the needle 

mechanical properties can be precisely quantified a priori. In fact, during some procedures, such 

as a prostate brachytherapy, the needle flexibility varies based on stylus or therapeutic substances 

loaded within the needle shaft, causing intermittent changes in the model parameters of the 

needle. Therefore, deflection model estimation techniques relying solely on a priori known 

parameters are inherently unreliable and thus clinically impractical. 

5.2.2 Proposed Approach 

Needle tip estimation error caused by uncertainty in the needle deflection model and its 

parameters can be reduced using limited additional measurements taken directly from the needle 

tip.  

Available clinical instrumentation to localize the needle tip inside the body produces noisy 

and inaccurate measurements. This includes not only direct measurement approaches, such as 

electromagnetic tracking, but also approaches based on medical imaging modalities, such as 

ultrasound, where needles can be segmented and localized. In both methods the needle tip can 

only be localized within a few millimeters accuracy [5], [193]. Quite the opposite, as there are no 

size, access, or line of sight restrictions, the needle base can be localized with less noise and a 
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submillimeter accuracy, using a variety of measurement devices, such as optical sensors, or 

integrated tracking systems [15].  

Therefore, on the one hand, the needle tip can be independently localized, but is subject to 

measurement noise and inaccuracies. On the other hand, the position of the needle tip can be 

estimated using accurate needle base measurement in conjunction with a needle deflection model, 

but is subject to model parameter uncertainties. It is posited in this paper that an appropriate 

combination of both methods (Figure  5-2) can significantly reduce the overall needle tip position 

estimate error. 

This approach relies on the measurements of the needle base and tip positions; therefore, it 

requires a localization method. Localization of surgical instruments is an integral part of 

computer-assisted interventions, and several technologies have been introduced for this purpose. 

These technologies initially were based on mechanical digitizers, but currently are based on EM, 

optical, acoustic, or inertial measurements [194]. Building on the work presented in [21],, this 

work continues to rely on EM tracking technology, in which a known EM field is generated by a 

transmitter to localize tiny EM receivers (trackers) placed within the field, based on the principle 

of mutual induction.  

Although EM trackers are relatively new in medical applications, their popularity is 

increasing, as they have been currently integrated into several commercial products [4], and 

 

Figure  5-2: Block diagram for needle deflection estimation.In this system, the estimates of needle tip 

position arising from the sensory information are fused, in order to reduce the needle tip position 

estimation error at each time step, and continually provide a reliable estimate with minimum estimation 

error variance. 
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applied in various interventions [5]. This popularity is primarily due to their minimal size, 

freedom from line-of-sight restrictions, and ability to track surgical instruments inside the body, 

which makes them particularly useful for tracking the needle tip during insertion. 

Unfortunately, EM trackers are susceptible to distortion by metallic objects, including the 

surgical instruments themselves, and are less accurate than other tracking devices, such as optical 

trackers. Many studies have looked at the static, dynamic, and field distortion errors of EM 

trackers [4], [5], [6]. In general the combined error ranges from a few millimeters in a research 

environment to a few centimeters in a clinical environment [5], [194], especially in the presence 

of certain equipment, such as a C-arm fluoroscopy, known to significantly distort the EM 

field [4]. 

5.3 Methods 

5.3.1 Measurement and Uncertainties 

This work relies on an Ascension (Burlington, Vermont, U.S.A.) trakSTAR EM tracking system 

to collect sensory information from the base and the tip of the needle. An 8 mm (Model 800) 

tracker is attached externally to the base, and a 0.55 mm (Model 55) tracker is placed internally 

within the lumen at the tip (Figure  5-3) to make observations about the positions of both the 

needle base and the needle tip. For these particular trackers, static errors were previously 

experimentally quantified, and modeled within an optimum operation range of 150 mm to 

 

Figure  5-3: An 8 mm (left), and a 0.55 mm (right) EM sensor, by Ascension. 
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300 mm from the transmitter, using a grid with a precisely known geometry as the ground 

truth [21]. 

To represent the measurement accuracies (veracity) of the trackers, the measurements error 

means produced by the two trackers at various distances from the transmitter were computed and 

illustrated in Figure  5-4  [21]. It can be observed that the tip tracker has noticeably more noise 

and is less accurate than the base tracker, due primarily to the difference in sensor size. 

Furthermore, to represent the measurement precisions (reproducibility) of the trackers, the 

measurement variations of each tracker have also been modeled from experimental data [21]. In 

the operation range of 150 mm to 300 mm, as the trackers move away from the transmitter, the 

measurement standard deviation increases from 0.0 mm to 0.2 mm for the base tracker, and from 

1.5 mm to 3.0 mm for the tip tracker. 

 
(a) 

 
(b) 

Figure  5-4: The needle base (a), and tip (b) measurement error models derived from experimental data.At 

every given distance from the transmitter, the simulated measurement errors are represented by points, 

and the means are represented by dashed lines. 
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5.3.2 Needle Deflection Model and Uncertainties 

In this work needle deflection is modeled and estimated based on the notations provided in Figure 

 5-5. In these notations the capital letter subscripts B and T correspond to the true needle base and 

tip positions, and the small letter subscripts b and t correspond to the observations of true needle 

base and tip positions made by the trackers. 

In the diagram shown in Figure  5-5, the reference coordinate frame is placed at the initial 

insertion (entry) point, where the needle deflection 0 is assumed to begin. The needle base 

position vector is represented by �� =	[��	��	��]� ∈ ℛ., and the needle tip position vector is 

represented by �� =	[��	��	��]� ∈ ℛ.. Single dot (�) ) and double dot (�¢ ) accents represent 

velocity and acceleration vectors.  

The force FZ is applied to the base of a needle with the length l, and inserts it into the soft 

tissue in the Z direction. However, due to the needle deflection	0, the needle tip deviates from 

this path and begins to move in the X and the Y directions as well. The direction of this deviation 

is according to the orientation of the needle tip bevel angle with respect to the X axis, denoted 

by	∅, and the objective is to accurately estimate the needle tip position	�¤�. 

Similarly to [195], the deflection 0!�' is modeled as a kinematic quadratic polynomial, 

defined in (1), where the deflection model parameters cn , n = 0, 1, 2  implicitly represent the 

needle and soft tissue properties, speed of insertion, bevel angle, etc.  

 
 

Figure  5-5: The reference coordinate frame, points, and variables. 
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0!�' = ¥���� + �-� + �,, � > 00, � ≤ 0 (1)

The projection of the needle tip on the Z axis at each instance is defined as the insertion 

depth	�̃, and can be found using rectification of deflection curve	0!�' as shown in the appendix. 

The insertion depth can then be approximated according to (2) for small values of	�� given the 

position needle base. 

�̃ = ¨ �� + ©ª�-� + 1 , �� + © > 0
�� + ©, �� + © ≤ 0 (2)

Given the sampling time Ts, at each discrete time step k = 1, 2, 3… the direct measurement 

of the needle base provides an observation of the base position denoted by	�¤ �,�!5', and the direct 

measurement of the needle tip provides an observation of the tip position denoted by	�¤�,�!5'. For 

these direct observations the uncertainties of the measurements are also computed in real-time 

and represented by diagonal matrices «�� = ¬.��uQ
	Q
sQ®�  and «�� = ¬.���(	Q
sQ®�  for the base and 

tip EM trackers, where each measurement variance �	Q
sQ®�  is indicated by the sensor signal 

quality provided by the tracking device. In this work �	Q
sQ®�  is simulated and updated at each 

time step to represent the measurement precision (Figure  5-4  [21]), given the position of the 

needle base and tip.  

Additionally, the combination of the needle base measurement with the deflection model 

provides an indirect observation of the needle tip position denoted by	�¤ �,�!5', and is referred to as 

the model-based estimation of the needle tip position.  

5.3.3 Fusion Process 

In order to provide a statistically more reliable estimate for the needle tip	�¤ �, the model-based 

estimation 	�¤ �,�!5' of the needle tip can be fused with the direct tip position observation	�¤�,�!5'. 
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For this purpose, a KF and its variation, EKF, are used to recursively fuse the sensory 

information.  

As illustrated in Figure  5-6 (a), the KF fuses the direct noisy needle tip position 

measurements, with the needle tip positions estimated from the base measurements using the 

deflection model. In this formulation, the KF isolates the deflection model from the fusion 

process, allowing this filter to be applied to any arbitrary needle deflection model. This is 

particularly useful for situations where the deflection model is not entirely represented by a 

closed-form equation [91]. 

(a) 

(b) 
 

Figure  5-6: Sensor fusion to provide a reliable estimate of the needle tip position. Kalman filter (a) 

combines the direct noisy needle tip position observations with the model-based needle tip position 

estimates. Extend Kalman filter (b) combines the deflection model in addition to both observations of the 

needle base and needle tip positions. 
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To improve the estimation accuracy, an alternative approach is to incorporate the needle 

deflection model into the fusion process, and use an EKF to cope with the resulting nonlinear 

stochastic difference equation of the fusion process model, as illustrated in Figure  5-6 (b).  

The two supplementary implementations of the KF and the EKF offer the flexibility to 

integrate a variety of deflection models, either indirectly, if the deflection estimation is computed 

numerically, or directly, if a closed-form solution exists for the deflection model.  

Both KF and EKF fuse the sensory information by means of prediction and correction. The 

filters require the formulation of a process model combined with the process noise for prediction, 

as well as a measurement equation combined with the measurement noise for correction. It is 

assumed that the reader is familiar with the underlying concepts of sensor fusion [20]. 

5.3.3.1 Kalman Filter Formulation 

Process model: To formulate the process model, the needle tip positions and velocities are 

considered as the state vector	4!5' =	¯��!5' �) �!5'°] ∈ ℛ±. Therefore, the needle tip equation of 

motion expressed in (3) forms the linear stochastic difference equation of the process model in 

the form of	45 = ²45?- +B5?-, with ² defined as in (4). 

d��!5'�) �!5'g = ^¬. �Q¬.G. ¬. _ d��!5?-'�) �!5?-'g + ³
�Q�2 ¬.�Q¬. ´�¢ �!5' (3)

² =		 ^¬. �Q¬.G. ¬. _ (4)

Process noise: The process model uncertainties are due to the acceleration terms. The 

needle tip accelerations �¢ �!5' are assumed to be constant during each sampling interval, and 

represented by independent random variables, selected from zero mean Gaussian distributions 

with predefined variances specified by	«�� , where	«�� =diag(�1�� ,�2�� ,�3�� ) is a matrix with 

diagonal elements specified by variances in X, Y, and Z directions, and with zeroes elsewhere. 
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Therefore, the acceleration terms V�Sµ� ¬. �Q¬.Y]�¢ �!5' can be considered as the process noise, 

denoted by	B5 ∼ F!G,H', resulting in the computation of the process noise covariance matrix H 

according to (5). 

H = ³�Q�2 ¬.�Q¬. ´ ^
�Q�2 ¬. �Q¬._ d«�� G.G. «�� g (5) 

Measurement equation: To correct the prediction made by the process model, the 

measurement equation relies on both needle tip position observations,	=!5' = ¯�¤�,�!5' �¤�,�!5'°� 

∈ ℛ±. Given the needle base measurement		�¤ �,�!5', the insertion depth	�̃, and the deflection 

model	0, the needle tip position can be estimated according to (6), where I3!¶' is the rotation 

matrix about the Z axis. This model-based estimation �¤�,�!5'	of the needle tip combined with the 

direct measurement of the needle tip position	�¤�,�!5' forms the measurement equation =!5' = 

·4!5' + D!5' , with · defined as in (7).  

�¤�,�!5' = I3!¶' ¸0!�̃'0�̃ ¹ = ºl»��!5', ¶, ©, �s¼ (6)

· = ^¬. G.¬. G._ (7)

Measurement noise: The measurement noise is denoted by D5 ∼ �!0,I', and in contrast 

to the constant process noise covariance H computed in (5), the measurement noise covariance 

matrix I varies and is updated at each time step according to (8).  

I = d�½!�̃'«�� G.G. «��g (8)

For both EM trackers, I is a function of measurement uncertainties represented by 

diagonal matrices «�� and	«�� which are updated in real-time to represent the measurement 
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precision. Moreover, for the indirect observation		�¤ �,�!5', the accuracy of the tip position estimate 

degrades due to the deflection model uncertainties; therefore, I increases with insertion depth 

according to �½!�̃' ≥ 1 which is a monotonically increasing function reflecting the uncertainties 

of the deflection model and its parameters, as detailed in the appendix.  

It is imperative to distinguish	«��  of the process model from	«�� of the measurement; the 

former describes the possible range of needle tip accelerations, whereas the latter describes the 

variations inherent in the measurements given the precision of the needle tip tracker. 

5.3.3.2 Extended Kalman Filter Formulation 

Process model: To formulate the process model, the positions and velocities of the tip and 

base are considered as the state vector	4!5' = ¯��!5' �) �!5' ��!5' �) �!5'°� ∈ ℛ-�. Therefore, 

the non-linear stochastic difference equation of the process model	4!5'= @»4!5?-' +B!5'¼ can be 

formed using the equation of motion for the needle base (similar to (3)) combined with the 

computed needle tip positions given by (9), and the needle tip velocities given by (10), with the 

function @ defined as in (11).  

��,�!5' = º�»��!5', ¶, ©, �s¼ (9)

�) �,�!5' = ���,�!5'�� = ¿�»��!5', �)�!5', ¶, ©, �s¼ (10)

@ =
KL
LL
LM��!5?-' + �Q�) �!5?-' + �Q

�
2 �¢ �!5'�) �!5?-' + �Q�¢ �!5'º�»��!5', ¶, ©, �s¼¿�»��!5', �)�!5', ¶, ©, �s¼ NO

OO
OP
 (11)

In this formulation	��,�!5'	represents needle tip position given the true needle base 

position	��!5', as opposed to the model-based needle tip estimation		�¤ �,�!5'	obtained using the 

needle base position measurements. 
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Process noise: The uncertainties of the process model are due to the acceleration terms. 

Both the base accelerations �¢ �!5' and the tip accelerations	�¢ �!5' are assumed to be constant 

during each sampling interval, and represented by independent random variables, selected from 

zero mean Gaussian distributions with predefined variances specified by «��  = 

diag!�1�� , �2�� , �3�� ', and «��  = diag»�1�� , �2�� , �3�� ¼ respectively. Therefore, the process noise can 

be denoted as B5 ∼ �!0,H', with a simplified process noise covariance matrix computed 

according to (12). 

H =
KL
LLL
LM�Q

�
2 ¬.�Q¬.�Q�2 ¬.�Q¬. NO

OOO
OP

KL
LLL
LM�Q

�
2 ¬.�Q¬.�Q�2 ¬.�Q¬. NO

OOO
OP
�

KL
LM«�
� G. G. G.G.G.G.
«��G.G.

G.«��G.
G.G.«�� NO
OP (12)

Measurement equation: To correct the prediction made by the process model, the 

measurement equation relies on both direct measurements of the needle base and tip positions,  

=!5' = ¯�¤�,�!5' �¤�,�!5'°� ∈ ℛ±. Therefore, the measurement equation can be formed linearly as 

=!5' = ·4!5' + D!5', with · given as in (13). 

· = ^¬. G. G. G.G. G. ¬. G. _ (13)

Measurement noise: The measurement noise is denoted by D5 ∼ �!0,I', and the 

measurement noise covariance matrix is updated at each time step according to (14). Similar to 

KF in (8), the variances	«�� and «�� are computed and updated in real-time to represent the 

measurement precision based on the sensor signal quality. 

I = d«�� G.G. «��g (14)
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5.3.4 Simulations 

The proposed KF and EKF fusion methods were employed to estimate needle deflection 

occurring during simulated needle insertions. The simulation was performed not only to validate 

the technique, but more importantly to facilitate study of the robustness of each method, in a fully 

controlled environment. Such sensitivity analysis indicates to what degree the estimation 

accuracy is influenced by changes in the values of key parameters including: the level of EM 

sensor noise, the degree of deflection model uncertainty, and the extent of deflection. 

Sensor noise levels vary significantly among sensors from different EM tracker 

manufacturers, or among different sensors from the same manufacture, or among different 

operating conditions for the same sensor, such as varying material properties of the needle and 

soft tissue, or the varying workspace requirements and the corresponding distance from the 

transmitter. Therefore, it is imperative to study the sensitivity of the estimation accuracy to 

varying noise levels. The degree of uncertainty in the deflection model is another major variable, 

and is dependent on whether the model and/or its parameters are developed for a single procedure 

with predefined or various soft tissue properties, or if it is developed for a range of clinical 

procedures. Moreover, for deflection models relying on numerical computations over set time 

intervals, the estimation accuracy is also directly proportional to the computation cost. Therefore, 

in some cases, estimation accuracy is sacrificed in exchange for real-time needle tip position 

estimation. Consequently, it is crucial to examine the sensitivity of the estimation accuracy to 

varying degrees of model uncertainty. Finally, the extent of needle deflection, varies with the 

specific needle insertion procedure, or, varies for the same procedure under a range of parameters 

such as, insertion speed, needle tip geometry, or the material properties of the needle or soft 

tissue. As a result, the extent of deflection is an additional important variable that needs to be 

heeded in the sensitivity analysis. 
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The simulation data was carefully generated to realistically resemble numerous 

observations made during needle insertions performed using an 18ga 200 mm beveled tip needle 

(Figure  5-1) in past experiments. The true needle tip position trajectory is generated to simulate 

an 8.4 mm deflection at an insertion depth of 200 mm. The true needle base position is generated 

to simulate an insertion in the Z-direction, and augmented with simulated hand tremor of 

frequencies from 5 Hz to 15 Hz, and with amplitudes less than 5 mm.  

Once given the true base and tip positions, the tracker measurement noise were generated 

using a Gaussian distribution, with the mean and variance provided by [21] (Figure  5-4). The true 

positions were then modulated by the measurement noise to form the simulated measurement 

data. Therefore, for «�� and	«��, the measurement variations were simulated to reflect the actual 

 
a 

 
b 

Figure  5-7: Simulated true trajectory and measured data for the base sensor (a) and the tip sensor 

(b).Points represent the simulated measurement data, and the dashed lines represent the actual needle base 

and tip positions. Data is downsampled for clarity.
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levels modeled for the Ascension trakSTAR [21] (Figure  5-4), and were updated in real-time 

given the positions of the base and the tip of the needle. Furthermore, for «��  and	«�� , the standard 

deviation was limited to 10 m/s
2
 for both the base and the tip accelerations. For these simulated 

measurements, the sampling time was also limited to 1/80 s, in order to match the actual EM 

tracker measurement rate, suggested by the manufacturer to reduce the error introduced by nearby 

metallic objects.  

To validate the effectiveness of the proposed method, and to simulate practical 

uncertainties, a 50% perturbation in parameters was added to the true simulated quadratic 

polynomial deflection model. Therefore, the model-based estimation of the needle tip relies on 

the simulated base measurements, and includes uncertainties in the model parameters.  

5.4 Simulation Results and Discussion 

The simulated true and measured positions of the base and the tip trajectories are illustrated in 

Figure  5-7 and the resulting simulated true deflection, model-based estimation, and direct tip 

 

Figure  5-8: Comparison of direct and indirect observations of needle path. Simulated true deflection, 

model-based estimation (indirect measurement), and direct tip sensor measurement. The direct simulated 

tip measurements are fitted to a deflection model based on least-squares, and data is downsampled for 

clarity. 
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measurements are illustrated in Figure  5-8. As can be observed, estimates relying on the needle 

base measurements drift as the insertion depth increases, due to the model uncertainties. 

However, estimates relying on the needle tip measurements are accurate only when the tracker is 

located within an optimal distance from the transmitter, and drift as the tracker moves away from 

the transmitter.  

Given the perturbed deflection model along with the simulated noisy sensory information 

from both EM trackers, KF and EKF were then employed to continually provide reliable 

estimates of the tip positions, with reduced estimation error variances. As both filters are 

recursive in nature, only the current information is required for the state estimation. This 

eliminates the need for processing the entire data set, which allows the filters to perform in real-

time. Consequently, this method may not only be used for deflection monitoring or off-line 

compensation prior to insertion, but may also be used for real-time control strategies required for 

needle steering to correct the needle path or avoid sensitive tissue during insertion. Furthermore, 

 

Figure  5-9: Comparison of direct and indirect observations of needle deflection with the KF and EKF 

estimations. Simulated true deflection, model-based estimation, direct tip measurement, KF estimation, 

and EKF estimation for the needle deflection. Data is downsampled for clarity. 



 

 

83 

 

in situations where the measurement rate is not sufficiently high to provide real-time feedback for 

control systems, the filters can also be used to provide synthetic measurements at a higher rate by 

supplying additional estimates, based solely on the process model. 

The filters were applied to the simulated data, and the needle deflection estimation results 

are illustrated in Figure  5-9. It can be noticed that compared to the model-based estimations and 

the direct measurement observations, both KF, and EKF provide improved reliable estimates for 

the needle deflection. The complementary sensory information provided by the tip EM tracker 

significantly contributed to a reduction of the estimation error, despite noisy and inaccurate 

measurement data. 

The KF formulation isolates the deflection model from the process model, allowing the 

filter to be applied to any needle deflection model or mechanism that reports the needle tip 

position along with the corresponding position uncertainty. Therefore, as expressed in (8) the 

measurement noise D5 and the measurement covariance matrix I rely on the choice of the 

function	�½!�̃' reflecting the uncertainties associated to the deflection model and its parameters. 

At each time step small values of	�½!�̃' indicate less uncertainties and result in a higher weight 

given to the model-based estimation compared to the direct needle tip measurement. Conversely, 

large values of �½!�̃' indicate more uncertainties and result in a higher weight given to the direct 

needle tip measurement compared to the model-based estimation. Furthermore, using the process 

model in (3), this filter could also be applied to sensory information obtained from a single 

measurement device to reduce the measurement noise.  

The EKF requires a closed-form equation for the needle deflection model, but it also 

estimates needle base positions and velocities, which is extremely useful for surgical motion 

characterization and segmentation [196]. Nevertheless, EKF requires approximately 200 times 

more processing time due to the additional six states of the base, the nonlinearity of the process 
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equation, and the computation of the Jacobian matrices. Further optimization of the processing 

time, though possible, is not within the scope of this paper [20]. 

In order to evaluate the performance of the filters and to quantify the estimation error, two 

metrics were used: the direct linear tip position estimation error and the cumulative deflection 

error (CDE). The former is the Euclidean distance between the estimated tip position and the 

ground truth tip position observed at a specific insertion depth, and the latter is the integral of the 

linear error over a range of insertion depths. Figure  5-10 shows the linear error at various 

insertion depths, and the computed CDE for each method during the entire insertion range of 

0 mm to 200 mm.  As can be seen, both KF and EKF provide an overall improvement in the 

accuracy of needle tip position estimates over model-based estimation and direct tip 

measurements. 

 

Figure  5-10: Comparison of the needle tip position estimation errors at various insertion depths. CDE’s 

include the entire insertion range, and the vertical axis represents the Euclidean distance error. The direct 

simulated tip measurements were fitted to a deflection model based on least-squares, and data is 

downsampled for clarity. 
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EM tracker measurements drift as the needle moves away from the transmitter due to the 

reduced intensity of the EM field. Similarly, model-based estimation error drifts as the insertion 

depth increases due to the model parameter uncertainty. Consequently, the upper bounds of these 

errors impose a liming factor on the performance of the sensor fusion and the accuracy of the 

deflection estimation. This situation leads to a compromise between the required workspace in 

terms of the insertion depth, and the tolerable amount of estimation error. For example, in the 

simulation shown in Figure  5-10, in order to keep the estimation error below 1 mm, the direct tip 

measurements and the model-based approaches can be applied for insertion depths of up to 

100 mm, whereas KF and EKF can be applied for insertion depths of up to 165 mm. This 

workspace will be further limited, if a particular procedure requires a higher level of estimation 

accuracy. In order to expand the workspace further, the sensor fusion process can benefit from the 

integration of non-drifting localization methods, such as those relying on medical imaging 

modalities, where the needle tip measurement error does not grow as the insertion depth 

increases [193].  

Extensive simulations were subsequently performed in order to study the robustness of the 

proposed methods and to quantify the impacts of variations in key parameters on estimation 

accuracy. The conducted sensitivity analysis provides an insight into the relationship between the 

deflection estimation accuracy and the variations of the level of EM tracker noise, the degree of 

deflection model uncertainty, and the extent of deflection.  

It was observed that the needle deflection estimation was the least sensitive to the EM 

sensor noise level, compared to the variations of the other key parameters. An increase of 50% in 

the variance of the simulated measurement noise resulted in less than an 8% increase in the 

estimation error. This is primarily due to the probabilistic nature of the sensor fusion approach in 

providing reliable estimates. However, estimates were more sensitive to the degree of deflection 

model uncertainty, and the extent of needle deflection. The sensitivity analysis for three levels of 
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uncertainty and four levels of deflection are reported in Table  5-1. It is essential to note that the 

sensitivity analysis results regarding the degree of deflection model uncertainty are valid only for 

the particular deflection model employed in this study and may be inconsistent among various 

deflection models.  

Evidently, given a relatively accurate knowledge of the deflection model with reduced 

uncertainties, the model-based approach can provide a reliable estimate for procedures with small 

amounts of deflections. However, as the uncertainty or extent of deflection increases, this 

approach is no longer able to reliably estimate the deflection. At this point, the KF and EKF 

sensor fusion approaches can help reduce the model-based estimation error. With the maximum 

degree of uncertainty, and the minimum extent of deflection, the fusion techniques provide a 

minimum estimation error reduction of 28%. This error reduction reaches its maximum of 74%, 

with 50% uncertainty and 9.6 mm of deflection.  

Table  5-1: Estimation Error and Sensitivity Analysis Results. 

 

a) Values reflect extent of needle deflection, and represent the needle tip deviations (mm) at an insertion 

depth of 150 mm. 

b) Values refer to the needle tip position estimation errors (mm) at an insertion depth of 150 mm. The 

numbers in parentheses refer to the CDE (mm2) for the same insertion depth. 
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To have a better understanding of the impacts of parameter variations on estimation error, 

the percentage of CDE reduction using KF and EKF is computed and illustrated in Figure  5-11.  

It can be noticed that, in general, the EKF reduces the CDE two to three times more than 

the KF. As the KF relies on the model estimation of the needle tip position, it is more susceptible 

 
(a) 

 
(b) 

Figure  5-11: Sensitivity analysis for KF and EKF. The impact of parameter variations on the percentage 

of CDE reduction for KF and EKF (compared to the model-based estimation).Smooth surfaces were fitted 

(locally weighted linear regression) to data for clarity. 
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to model uncertainty and high amounts of deflection. In contrast, the EKF is less sensitive to 

model uncertainty, as its formulation includes a deflection model, and also provides more reliable 

estimates under various amounts of deflection. From Figure  5-11, it is apparent the effectiveness 

of the KF increases when the needle deflection model and its parameters include a lower degree 

of uncertainty, while the effectiveness of the EKF increases when a higher extent of deflection 

occurs during the procedure. 

In general, estimation methods based exclusively on needle deflection models normally 

include some degree of uncertainty due to the error in the model parameter quantification or in 

factors not accounted for in the model. Likewise, direct sensory observations of the needle tip 

contain some degree of uncertainty due to the measurement noise. As a result, statistical sensor 

fusion techniques, such as Kalman filters can help reduce the uncertainty and improve the 

estimation accuracy. 

5.5 Conclusion and Future Work 

In prior works, several needle deflection models were introduced to estimate the needle tip 

position given various techniques and measurements taken from the needle base. However, these 

estimates relied largely on the precise quantification of the model parameters, and did not account 

for the inherent uncertainties of the clinical setting; therefore, such deflection models are 

unavoidably unreliable. We showed that the parameter quantification uncertainties discussed in 

this work can be effectively compensated for by the introduction of an additional needle tip EM 

tracker measurements in conjunction with sensor fusion. Using this method, we demonstrated 

estimation error reductions in the range of 28% (from 1.8 mm to 1.3 mm) to 74% (from 4.8 mm 

to 1.2 mm). Furthermore, the presented fusion approach is capable of accommodating the 

integration of a variety of deflection models, regardless of whether a closed-form solution exists, 

or if the solution is computed numerically. Compared to the KF, the EKF was observed to be 
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more robust and effective in reducing the estimation error, yet it required more processing time 

and a closed-form deflection model.  

We are continuing to examine the performance of our approach using various needle 

deflection models, and are expanding the experimental validation for a range of applications. In 

the next phase, we will incorporate into the sensor fusion other means of needle base and tip 

localization. For the needle tip, such means include positions obtained from medical imaging, 

specifically, ultrasound and magnetic resonance imaging, which are available during routine 

clinical procedures. For the needle base, such means include positions obtained from either 

robotic platforms used for needle insertions, or the axis of insertion, known directly from the 

motion constraints imposed by templates. Further, we will investigate various combinations of 

these localization techniques to explore their influences on needle tip position estimation error, 

and their suitability for a range of applications.  

5.6 Appendix 

5.6.1 Insertion Depth 

The insertion depth	�̃ can be found using rectification of the deflection curve	0!�'. Therefore,  

�� + © = À Á1 + aÂ½!3'Â3 b�3Ã, �� = À ª1 + !2��� + �-'�3Ã, ��.	
Although a closed-form solution exists, for rigid needles used in most clinical procedures 

with exceptionally small values of	�� where	|2���| ≪ |�-|, the insertion depth can be practically 

approximated as 

�� + © ≅ À ª�-� + 13Ã, �� = �̃ª�-� + 1 ⇒ �̃ ≅ 3ÇÈÉªÊoµÈ-.	
Certainly, for flexible needles where the value of	�� is not negligible, or for other 

deflection models, the insertion depth should be replaced with the appropriate rectification of the 

specific deflection curve employed in the procedure. 
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5.6.2 Model Uncertainties 

For the KF where the deflection model is not explicitly integrated into the sensor fusion, the 

formulation in (8) benefited from the function �½!�̃' reflecting the uncertainties associated to the 

deflection model and its parameters. Similarly, if a numerical method is used to estimate the 

needle tip position, �½!�̃'«�� can be replaced with an appropriate parameter representing the 

estimation uncertainties.  

For the simulations performed in this paper, it was assumed that CÌ represents the 

parameter coefficient uncertainties, such that	1 − ε ≤ CÌ ≤ 1 + ε, where ε specifies a confidence 

interval for the deflection model. Therefore, given a true deflection 	ω!z' and an estimated 

deflection	ωÐ!z', the estimation error Ñ can be defined as 

Ñ = 	ω!z' − ωÐ!z' = a -ÒÓ − 1bωÐ!z' ≤ Ô-?ÔωÐ!z'.	
Thus, 1 + Ô-?ÔωÐ!z' was chosen to as the function	�½!�̃' to result in  

�½!�̃'«�� 	=	«�� + Ô-?ÔωÐ!z'«��.	
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Chapter 6 

Needle Deflection Estimation: Prostate Brachytherapy Phantom 

Experiments
4
 

The performance of a fusion-based needle deflection estimation method was experimentally 

evaluated using prostate brachytherapy phantoms. The accuracy of the needle deflection 

estimation was determined. The robustness of the approach with variations in needle insertion 

speed and soft tissue biomechanical properties were investigated. A needle deflection estimation 

method was developed to determine the amount of needle bending during insertion into 

deformable tissue by combining a kinematic deflection model with measurements taken from two 

electromagnetic trackers placed at the tip and the base of the needle. Experimental verification of 

this method for use in prostate brachytherapy needle insertion procedures was performed. A total 

of 21 beveled tip, 18 ga, 200 mm needles were manually inserted at various speeds through a 

template and towards different targets distributed within 3 soft tissue mimicking polyvinyl 

chloride prostate phantoms of varying stiffness. The tracked positions of both the needle tip and 

base were recorded and Kalman filters were applied to fuse the sensory information. The 

estimation results were validated using ground truth obtained from fluoroscopy images. The 

manual insertion speed ranged from 8 to 34 mm/s, needle deflection ranged from 5 to 8 mm at an 

insertion depth of 76 mm, and the elastic modulus of the soft tissue ranged from 50 to 150 kPa. 

The accuracy and robustness of the estimation method were verified within these ranges. When 

compared to purely model-based estimation, we observed a reduction of needle tip position 
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estimation error by 52±17% (mean ± standard deviation) and the cumulative deflection error by 

57±19%. Fusion of electromagnetic sensors demonstrated significant improvement in estimating 

needle deflection compared to model-based methods. The method has potential clinical 

applicability in the guidance of needle placement medical interventions, particularly prostate 

brachytherapy.   

6.1 Introduction 

6.1.1 Significance 

Needle placement is commonly employed in clinical procedures for diagnostic or therapeutic 

purposes, such as prostate biopsy and brachytherapy. The physicians generally insert and guide 

the needle into the target tissue based on their knowledge of the anatomy, kinesthetic feedback, 

and occasional image guidance. In these interventions accurate needle placement is required to 

carry out the desired diagnosis or therapy. However, complex needle behavior within tissue poses 

a major challenge, particularly when needle deflection exacerbates the targeting error [106].  

Current standard clinical procedures do not account for these changes; therefore, methods 

to estimate needle deflection can help compensate for needle bending before and during insertion. 

Numerous mechanical models have been proposed for needle deflection estimation in soft tissue 

[10]. The majority of techniques demand precise a priori quantification of deflection model 

parameters and in actual clinical settings they suffer from errors inherent in such quantification. 

Through extensive simulation studies, it has been observed that the parameter quantification error 

can be significantly reduced by integrating additional measurements taken directly from the 

needle tip [21], [25]. Accordingly, a needle deflection method has been proposed that combines a 

kinematic deflection model with data collected from two electromagnetic (EM) trackers located at 

the needle tip and base using Kalman filters [25]. This paper employs this particular needle 

deflection estimation and compares the results with model-based estimation. We present the 
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experimental methods used to validate the needle deflection estimation along with the resulted 

outcomes. The experiments are based on prostate brachytherapy needle insertion procedures and 

an extended abstract of the results of this study was appeared in [197]. 

6.1.2 Prostate Brachytherapy 

Prostate brachytherapy has been established as a definitive treatment for early stage 

prostate cancer over the past two decades [67], [68]. A typical brachytherapy treatment process 

starts with computerized planning to identify the optimal locations to implant the therapeutic 

radioactive sources (seeds), such that an adequate radiation dose is received by cancerous prostate 

cells, while no more than a tolerable dose is received by the surrounding tissue. During the 

implantation process, with the patient in lithotomy position, needles are inserted into the prostate 

through which 50 to 120 small radioactive seeds are permanently implanted at preplanned target 

positions [68].  

The procedure is performed under the real-time guidance of transrectal ultrasound (TRUS), 

while C-arm fluoroscopy is intermittently used to visualize the distribution of the deposited seeds 

and is later used to assess the success of the procedure after all seeds have been placed. These 

seeds remain permanently in the prostate and continue to emit radiation until eventually 

becoming inactive. 

Despite the popularity of brachytherapy and its emerging technological improvements, 

accurate needle placement still poses a major challenge, particularly when needle deflection 

exacerbates targeting error. The extent of such needle deflection is correlated not only to the 

needle and tissue material properties, but also to the needle insertion speed, diameter, and tip 

geometry [76], [79]. Current clinical brachytherapy needles are relatively rigid and made of 17 or 

18 Gauge (1.47 mm or 1.27 mm) steel, yet they deflect during insertions, causing reduced 

targeting accuracy. This is mainly due to the asymmetric forces arising from the angled geometry 



 

 

94 

 

(see Figure  6-1) of the beveled tips needles that are commonly used during the procedures [76]. 

For example, a needle deflection error in the range of 4 mm can be observed during routine 

clinical prostate brachytherapy procedures [9]. Such needle divergence can considerably degrade 

the dosimetric quality of the implants [77]. 

 To reduce placement errors, physicians adjust the needle tip position by retracting and then 

repeatedly reinserting the needle from slightly different initial positions. However, multiple 

insertions may lead to excessive trauma, which in turn may increase the severity of edema and 

swelling. Prostate volume may increase significantly, often as much as doubling the original 

volume, due to tissue swelling [68]. As the half-life of the swelling is comparable with the half-

life of the implanted isotope, the prostate may become severely under-dosed. This may lead to a 

failure in controlling the cancer and consequent recurrence of the disease [68]. As a result, it is 

imperative to reduce prostatic trauma by avoiding multiple insertions. Accurate needle deflection 

estimation techniques can help compensate for needle bending before and during insertion, thus 

reduce tissue trauma by decreasing the number of reinsertions.  

6.1.3 Needle Deflection Estimation: Prior Work 

Currently the majority of clinical procedures do not take needle deflection into account and 

the consequent targeting error results in multiple insertions causing excessive tissue damage. To 

improve the targeting accuracy, the extent of needle deflection can be reduced using needle 

drilling or fast insertion [76], [84], [86], [198] providing a more reliable prediction of the needle 

tip position. Alternatively, needle deflection can be modeled to not only allow for prediction of 

 

Figure  6-1: Brachytherapy 18 ga (1.27 mm diameter) bevel tip needle. 
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the needle tip position, but also allow for correction of the needle path in order to compensate for 

the inaccurate placement and avoid critical tissue [88].  

Numerous mechanical models were proposed to estimate needle deflection in soft tissue 

using beam theory. Some incorporated measurements such as force and torque applied to the 

needle base along with the needle insertion depth [91], [92], [93], while others studied the effects 

of needle size and geometry on the insertion force [76], [79], [96], and the force distribution 

along the needle shaft [97]. Needle forces were also measured at clinical settings [98], model 

parameters were estimated in real-time [99], and methods to identify nonlinear characteristics 

were presented [199].  

Alternatively, kinematic relationships were established to describe the needle tip motion 

given the position of the needle base. In particular, for highly flexible needles where the motion 

of the base can considerably alter the tip position, the majority of existing kinematic models 

relied on both angular and linear displacement of the needle base along the insertion axis. For 

example, the tip velocity was correlated to the base velocity using a Jacobian matrix [102]. A 

nonholonomic model was also used to formulate the kinematics of a flexible beveled tip needle 

with a constant radius of curvature [104], or adjustable radius of curvature using a duty-cycled 

spinning of the needle base [105], [200]. It was further observed that flexible steerable needles 

curve differently within tissues of different properties both in vivo and ex vivo [88] and the 

needle-tissue interaction was shown to be stochastic in which the deflection was not repeatable 

[106], [107].  

The majority of the techniques proposed in literature may suffer not only from deflection 

model inaccuracies caused by simplifications made in the analysis of needle-tissue interaction, 

but also from errors inherent in the quantification of the deflection model parameters. 

Accordingly, the effectiveness of these approaches is highly dependent on the precise 

quantification of the model parameters which is not clinically feasible. 
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In general, the properties of the tissue and needle are not precisely known a priori in a 

clinical setting. In fact, needle flexibility for procedures such as brachytherapy varies based on 

stylus or therapeutic substances contained in the shaft. Therefore, deflection models that are 

exclusively dependent on such a priori quantified parameters are inherently unreliable and 

impractical in this setting. 

6.1.4 Needle Deflection Estimation: Proposed Approach 

From the simulations performed in our previous work [21], [25] we have shown that the 

error in needle tip localization due to unavoidable uncertainty in deflection model parameters can 

be reduced by incorporating additional measurements taken from the needle tip.  

Clinical tools currently available for localizing the needle tip within tissue include EM 

tracking and different types of imaging modalities that allow for localization based on needle 

segmentation. However, these methods often produce noisy and inaccurate results where the 

needle tip can only be located within a few millimeters accuracy [5], [193].  

 

Figure  6-2: Proposed system block diagram. A more accurate estimation of the needle tip position can be 

provided by combing the information collected from both sensors.The Kalman filter fuses the direct 

needle tip observations with the model-based tip estimations, while the extended Kalman filter combines 

the deflection model with both the needle base and tip observations. 
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On the contrary, the needle base can be localized with less noise and within sub-millimeter 

accuracy using a variety of devices, such as optical trackers or integrated tracking systems [15],  

as there are no size, access, or line of sight restrictions. The needle tip position can then be 

estimated using the needle base position combined with needle deflection models. However, such 

approaches are extremely sensitive to model parameters.  

We have demonstrated that an appropriate combination of both methods can significantly 

reduce the overall needle tip position estimate error, using a Kalman filter (KF) [21] and an 

extended Kalman filter (EKF) [25]. Figure  6-2 illustrates the workflow of this process. Our 

method combines the direct but noisy EM tracker measurements of the needle tip with the 

indirect model-based estimations. The model-based estimations are obtained using reliable needle 

base measurements combined with a deflection model that includes some degrees of uncertainty 

in its parameters. The approach is capable of integrating a variety of deflection models, regardless 

of whether a closed-form solution exists [25]. 

6.2 Materials and Methods 

The experimental method evaluates the effectiveness of the proposed sensor fusion approach in 

estimating needle deflection that occurs during brachytherapy needle insertion procedures. 

Therefore, bevel tip needles employed in the clinical procedures were inserted into artificial soft 

tissue mimicking prostate phantoms to observe the actual needle deflections and compare them 

with the estimated deflection results.  

6.2.1 Prostate Phantom 

Anthropomorphic prostate phantoms emulating soft tissue biomechanical properties were chosen 

to experimentally evaluate the performance of the proposed needle deflection estimation method. 

As phantom studies are normally carried out during preliminary tests to validate percutaneous 

needle based interventions, a wide variety of phantom descriptions are available in the literature 
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[190], [201], [202], [203]. It was however crucial to carefully select the phantom material and 

replicate phantoms that were capable of exerting needle forces within acceptable limits [98] to 

reproduce realistic brachytherapy needle deflections while mimicking the prostate and its 

surrounding tissue.  

Prostate phantoms are commonly made of agarose, gelatin, or polyvinyl chloride (PVC). 

Even though all could produce sufficient range of elastic modulus, phantoms made of agarose and 

gelatin are normally too brittle for needle puncture and do not create enough needle insertion 

forces [202]. PVC was therefore chosen as it not only can provide the required range of elastic 

modulus and needle forces expected during brachytherapy, but it is also durable for needle 

puncture, simple to manufacture, and with added cellulose can create high quality ultrasound 

images [190]. Consequently, 3 deformable soft tissue mimicking PVC prostate phantoms were 

made according to the recipe given in [202] with varying stiffness (soft, standard, and rigid) to 

represent inter-patient variability, where their density ranged from 0.93 to 0.98 kg/m3 and their 

elastic modulus ranged from 50 to 150 kPa.  

6.2.2 Needle Tracking 

To accurately represent the mechanical properties of the actual needles used in current clinical 

brachytherapy procedures, 200 mm 18 ga (1.27 mm diameter) bevel tip needles were purchased 

from Cook Urological (Spencer, Indiana, U.S.A.). Furthermore, to be consistent with the 

simulation presented in our previous work [25], the needles were instrumented by EM trackers to 

report the positions of the base and the tip of the needles in real-time. The trackers work based on 

the principle of mutual induction, in which a known EM field generated by a transmitter localizes 

EM receivers (trackers) placed within the field. 

As detailed in [25], EM trackers are small, free from line-of-sight restrictions and able to 

track surgical instruments within body, which makes them exceptionally useful for tracking the 
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needle tip during insertions. EM-tracking has been applied in various interventions [5] and 

integrated into several commercial products [4]. In brachytherapy, EM-tracking of both the 

needle base and the needle tip is clinically feasible in combination with any of the standard after-

loading techniques, where the needle is inserted first, then the central trocar (housing the EM 

tracking coil) is retracted and the radioactive sources are loaded into the needle [191].  

The experiment uses an Ascension (Burlington, Vermont, U.S.A.) trakSTAR EM tracker to 

collect sensory information. A highly accurate external 8×8×20 mm (Model 800) tracker and a 

less accurate internal 0.55 mm (Model 55) tracker were attached to the needle base and tip, 

respectively (Figure  6-3), to make observations about the positions of both the needle base and 

the needle tip.  

 EM trackers are susceptible to distortion by metallic objects [5], [6] and the error can be 

up to a few centimeters in a clinical environment [5], [194], [204], [205]. This error is highly 

influenced with the presence of certain equipment, such as a C-arm fluoroscopy [4] that is 

commonly used during the brachytherapy procedure. Therefore, for these particular sensors the 

measurement uncertainty (due to static errors) required for the sensor fusion were experimentally 

quantified [21]. Furthermore, to reduce the error introduced by nearby metallic objects, the 

measurement sampling time was limited to the suggested value of 1/80 s by the manufacturer. 

 

Figure  6-3: Model 800 (left: 8×8×20 mm) and model 55(right: 0.55 mm diameter) EM trackers, by 

Ascension. 
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6.2.3 Ground Truth Deflection 

Once the needle deflection is estimated using the proposed sensor fusion approach [25] (see Fig. 

2), OEC 9800MD 12" Mobile C-arm fluoroscope by GE Healthcare (Salt lake city, Utah, U.S.A.) 

was used to obtain the ground truth deflection and assess the performance of the needle deflection 

estimation method. In these experiments, the 512 by 512 image resolution of the C-arm provided 

a spatial resolution of ~3.5 pixels per mm for the ground truth.  

It was observed that needles deflect primarily in 2D deflection planes formed based on the 

direction of their bevel tip angles. The off-plane deflections were negligible (less than 0.6 mm). 

As a result, although multiple images were acquired for each insertion, only the single 

fluoroscopy image that was parallel to the deflection plane was used to reconstruct the needle. 

The C-arm images were saved in a DICOM file format, dewarped to minimize the image 

distortion, scaled,  and also registered to the EM tracker coordinate frame using fiducial markers 

[206]. 

Each image was subsequently imported into Matlab where a custom semiautomatic 

program segmented the needle and fitted a curve to the segmented needle based on least squares 

minimization. This program returned the coefficients of the deflection model along with the root 

mean squared error (RMSE) as a statistic to represent the goodness of fit by measuring the total 

deviation of the fitted curve from the ground truth deflection. In this study, similarly to [195], the 

needle deflection 0 was modeled as a function of the insertion depth �̃ and in the form of a 

kinematic quadratic polynomial 0!�̃' = ���̃� + �-�̃ + �, as formulated in [25]. In this model, the 

coefficients cn , n = 0, 1, 2 implicitly represented the needle and soft tissue properties, speed of 

insertion, bevel angle, etc; further details can be found in [25]. 
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6.2.4 Experimental Setup 

As illustrated in Figure  6-4, the prostate phantom was placed inside a container mounted on a 

platform for stabilization. A template was also installed on the platform to guide the needle, 

making the setup similar to the clinical brachytherapy procedure. The EM transmitter was 

mounted on the platform and the external (Model 800) tracker and the internal (Model 55) 

trackers were attached to the needle base and tip, respectively. The platform was fixed high 

enough such that the mobile C-arm fluoroscope could be moved in to acquire ground truth images 

without adding any disturbance. 

6.2.5 Experimental Procedure 

Each brachytherapy bevel tip needle was instrumented with both EM trackers and manually 

inserted 7 times through the template and towards different targets distributed within each 

phantom. This task was repeated for all the 3 (soft, standard, rigid) phantoms, resulting in a total 

of 21 needle insertions to provide statistical observation for the needle deflections. During each 

insertion the tracked positions of both the needle base and tip were recorded. Moreover, to 

simulate a typical brachytherapy procedure, the insertions were performed prior to introduction of 

the mobile C-arm fluoroscopy to the experimental setup, reducing the undesirable impact of the 

C-arm on the generated EM field and EM measurement accuracy. Once the C-arm image is 

Figure  6-4: Experimental setup for needle deflection measurement in prostate brachytherapy. 
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acquired as the ground truth, the needle was manually retracted without recording the EM tracker 

position measurements and the C-arm was moved (~2 meters) away from the experimental setup. 

Using the acquired C-arm images, the needle deflection was modeled as a kinematic quadratic 

polynomial. The model parameters were identified and its coefficients were perturbed by 50% to 

simulate uncertainties in model parameters. 

At each sampling time, the direct measurements of the needle tip provided observations of 

the tip position. Furthermore, the needle tip position was also estimated indirectly using needle 

base measurements combined with the perturbed deflection model [4]. Using Matlab programs 

executed on a single core of an Intel® Core™ Quad 2.4 GHz CPU, the direct and indirect 

measurements were then fused recursively to improve the needle tip estimation accuracy with 

both KF and EKF formulations [25] 

6.3 Results 

During the 21 needle insertions, the manual insertion speed ranged from 8 to 34 mm/s (measured 

by the EM trackers) and the needle deflections ranged from 5 to 8 mm (measured by the C-arm 

 

Figure  6-5: Needle deflections occurred during the 21 insertions. On each box, the central mark is the 

median, the edges of the box are the 25th and 75th percentiles, and the whiskers extend to the most 

extreme data points. 
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images) at an insertion depth of 76 mm. Furthermore, compared to the standard phantom, it was 

observed that on average at this insertion depth, needles deflected 23.61% less in the soft 

phantom and 9.72% more in the hard phantom. Figure  6-5 provides an overall statistical summary 

of the needle deflections. 

A sample of the acquired ground truth C-arm fluoroscopy image from the experiments is 

shown in Figure  6-6. Given the ground truth images the Matlab program was used for curve 

fitting and to quantify the quadratic polynomial needle deflection model parameters by means of 

least squares minimization. These curves are considered as the true deflections and Table  6-1 

summarizes the computed deflection model coefficients. 

To evaluate the performance of the proposed needle deflection estimation approach and to 

quantify the estimation error, two metrics were used to: the direct linear tip position estimation 

 

Figure  6-6: A sample of a dewarped C-arm fluoroscopy image used for assessment. 

Table  6-1: Needle Deflection Model Coefficients. 

 

Given the coefficients obtained from the polynomial curve-fitting, the deflection model 0!�̃' returns the 

amount of needle bending in mm at a certain insertion depth �̃ in mm. 
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error and the cumulative deflection error (CDE). The former is the Euclidean distance between 

the estimated tip position and the ground truth tip position observed at a specific insertion depth 

and the latter is the integral of the linear error over a range of insertion depths.  

Figure  6-7 illustrates the experimental results of KF and EKF. For a sample needle 

insertion Figure  6-7 (a) shows the linear tip position estimation error at various insertion depths 

using model-based estimation (indirect tip measurement), direct tip measurement, and Kalman 

filter formulations (KF and EKF).  For the entire range of 21 experiments Figure  6-7 (b) 

compares the performance of the KF and EKF in terms of estimation error.  

Compared to the model-based estimates, during this set of 21 insertions the method 

reduced the linear needle tip position estimation error by 52±17% (mean ± standard deviation) 

ranging from 29% to 77%. Similarly, the CDE was reduced by 57±19%, ranging from 33% to 

79%.  

6.4 Discussion 

We focused on the accuracy and robustness of the proposed needle deflection estimation 

approach. Therefore, the estimation results were validated through experiments performed on 

phantoms with varying stiffness (soft, standard, rigid) to represent biological variability. As can 

be seen in Figure  6-7, the experiments validated the simulation results presented in [25] where 

both the KF and the EKF provide improved needle deflection estimates. The fact that the 

deflection estimation was validated for a perturbed deflection model and on phantoms with 

varying stiffness suggests that the estimation accuracy of the proposed method is less specific to a 

particular deflection model and its parameters, or soft tissue properties. Thus the proposed 

method could be applied to a variety of applications. These experiments also confirmed earlier 

observations where an increase in the soft tissue elasticity caused an increase in the amount of 

needle deflection [76]. 
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In contrast to the KF where estimates were more susceptible to measurement and model 

uncertainties, the EKF was efficient in reducing the CDE and proved to be robust to model 

uncertainties as its formulation included a deflection model [25]. Furthermore, the EKF was also 

superior in the majority of cases as it maintained the needle tip in the deflection plane specified 

by the bevel tip angle. The EKF however required more processing time due to the additional 

states, the nonlinearity of the process equations, and the computation of Jacobian matrices [25].  

Yet, in this set of experiments, the recursive structure of both filters still enabled real-time 

implementation. The Matlab code implementation of the KF and the EKF were approximately 

executed at the rate of 16 kHz and 87 Hz, respectively. Therefore, given the sampling rate of 

80 Hz for the EM tracker measurements, both approaches can be applied not only for off-line 

deflection compensation prior to insertion, but also for real-time control strategies of the needle 

tip in order to guide and correct the insertion path.  

 
(a) (b) 

 

Figure  6-7: Experimental results of KF and EKF. A comparison of needle deflection estimation for a 

sample needle insertion (a) and estimation errors (mean ± standard deviation) at various insertion depths 

for the entire 21 experiments (b). For clarity, data is downsampled, The vertical axis represents linear tip 

position estimation error (Euclidean distance between the estimated tip position and the ground truth tip 

position). 
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The mean values of the model coefficients found in this set of experiments (Table  6-1) 

combined with the equation of the insertion depth provided in [25] establishes a relationship 

between the length of the inserted needle and the corresponding insertion depth. Given this 

relationship, it was found that for insertion depths less than 90 mm, there is only a submillimeter 

difference between the length of the inserted needle and the resulting insertion depth. However, 

this difference causes noticeable targeting error for higher insertion depths. For example, in a 

brachytherapy procedure it is common to reach an insertion depth of 150 mm; to achieve this, the 

needle base needs to be pushed 152 mm due to needle deflection. This highlights the fact that for 

deep insertions, one cannot precisely achieve the desired insertion depth by ignoring the 

deflection and relying solely on the needle marking to measure the translation of the needle base. 

It can be observed in Figure  6-7 (a) that as the insertion depth increases, the needle tip 

moves away from the EM transmitter causing the EM tracker measurements drift from the true 

values and become unreliable. In other words, the direct needle tip measurements can only 

provide reliable observations if the tracker is located within a limited optimal distance from the 

transmitter. It can similarly be observed that as the needle insertion depth increases, the model-

based estimates diverge from the true deflection due to the uncertainties in the model parameters, 

causing reduced estimation accuracy. This problem can potentially limit the workspace, insertion 

depth, and the resulting accuracy of the sensor fusion method to estimate the position of the 

needle tip. To overcome this problem, the sensor fusion can benefit from the incorporation of 

other needle tip localization methods that do not drift as the needle moves. This could include 

needle tip positions found through image segmentation of medical imaging [193]. Moreover, 

although a more accurate deflection estimation is expected with a uniform insertion speed which 

minimizes the undesired acceleration terms (see filter formulations in [25]), this study was unable 

to explore and establish such a relationship as the needles were manually inserted at various 

speeds.  
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In general, estimation methods based exclusively on needle deflection models normally 

include some degree of uncertainty due to the error in the model parameter quantification. 

Similarly, direct observations of the needle tip contain some degree of uncertainty due to the 

measurement noise. As a result, statistical sensor fusion techniques, such as Kalman filters can 

help improve the estimation accuracy. 

6.5 Conclusion and Future Work 

In conclusion, we tested the usability and accuracy of our proposed fusion approach for 

estimation of needle deflection [21], [25] by performing brachytherapy procedures on prostate 

phantoms. The results demonstrated significant improvement compared to the methods relying 

entirely on model-based estimations or solely on direct tip position measurements. Our 

experiments have confirmed that estimation error due to uncertainties of the model parameters 

can be compensated for by the incorporation of an additional needle tip EM tracker, thus making 

it more appropriate for clinical settings. In addition, we observed that EKF was more accurate and 

robust in estimating the needle deflection than KF, but also required more processing time.  

We continue to examine the performance of our method using alternative needle deflection 

models and expand the experimental validation to a wider range of applications. We also plan to 

incorporate other means of needle base and tip localization into our sensor fusion. These include 

the involvement of image guidance, such as ultrasound or magnetic resonance imaging, for the 

needle tip localization, as well as using information obtained from robotic platforms or motion 

constraints from the template, for the needle base localization. Finally, different combinations of 

these techniques will be explored to study their effect on the needle tip estimation errors and their 

suitability for various applications. 
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Chapter 7 

Concluding Remarks 

This chapter provides a summary of the major contributions and findings of this research while 

highlighting its limitations, followed by proposed directions for future research. 

7.1 Summary and Conclusions 

7.1.1 Field Distortion Compensation 

EM tracking systems are highly susceptible to field distortion caused by magnetic and 

electrically-conductive objects, including medical imaging devices, equipment, and instruments. 

Prior studies have shown tracking errors in the range of a few centimeters in clinical 

environments. Unless compensated for, the tracking error can compromise the outcome of the 

procedure and it is considered the key limiting factor in the use of EM tracking in medical 

applications.  

Therefore, dynamic calibration of EM tracking systems is essential in compensating for 

measurement error due to field distortion in clinical environments. The existing approaches 

employed to compensate for the field distortion lack the ability to provide an efficient solution, 

particularly in true clinical settings.  

We introduced the first successful demonstration of the concept of SLAM in dynamic EM 

tracker error compensation, independent of external or undistorted alternative tracking 

technologies. We proposed to dynamically map EM field distortion and provide real-time 

tracking error compensation. In this approach, we integrated the motion model of the tracked 

instrument including motion constraints with a few redundant EM sensor observations and 

applied a SLAM algorithm to both create a map of the field distortion in real-time, and accurately 

estimate the pose of the instrument. We first quantified spatial and temporal parameters, and 
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analyzed measurement uncertainty. We then applied a statistical algorithm to dynamically create 

and update the distortion map.  

We also validated the method by conducting experiments in the presence of ferromagnetic 

(steel) and conductive (aluminum) field distorting objects. Through these experiments, our 

approach demonstrated a considerable reduction in the localization error, compared to a 

conventional sensor fusion method. Therefore, we concluded that our method can accurately 

estimate the instrument’s pose and create a map for the field distortion in real-time, providing 

robust EM navigation for potential clinical procedures.  

7.1.2 Instrument Deflection Estimation 

Many diagnostic and therapeutic interventions require accurate needle placement. Needle 

deflection is a major cause of procedural error, which can be compensated for if the bending is 

reliably estimated.  

Numerous models have been proposed to estimate needle deflection in soft tissue. 

However, these models perform rather poorly in clinical circumstances, as they demand precise 

prior quantification of the deflection model parameters, including tissue properties, which is not 

feasible in clinical settings. Therefore, these conventional model-based estimation techniques 

suffer from the uncertainties found in clinical settings.  

We developed a robust needle deflection estimation method to mitigate the effect of 

parameter quantification uncertainty. We showed that these uncertainties can be effectively 

compensated for by the introduction of measurements form an additional needle tip EM tracker in 

conjunction with sensor fusion. We combined a kinematic needle deflection model with the 

position measurements of the needle base and tip taken by electromagnetic trackers. We then 

used Kalman filters to fuse the position measurements with the deflection model to provide an 

accurate real-time estimate of the needle tip position. We showed that this approach was capable 
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of accommodating the integration of a variety of deflection models, regardless of whether a 

closed-form solution exists, or if the solution is computed numerically. 

We evaluated the performance of both KF and EKF formulations through simulated 

brachytherapy needle insertions, and performed a sensitivity analysis for plausible intra-operative 

conditions in order to study the robustness of each method against variations of key parameters. 

We also experimentally evaluated the performance of our fusion-based approach through prostate 

brachytherapy phantom studies. Our results suggest potential clinical applicability in the guidance 

of needle placement medical interventions. 

7.2 Limitations and Directions for Future Research 

7.2.1 Field Distortion Compensation 

We introduced the concept of dynamic field distortion mapping to provide simultaneous tracking 

and calibration for EM tracking systems. However, further experiments are necessary in order to 

optimize the performance of this method.  

Our formulation is based on the classic EKF-SLAM which is computationally intensive. 

Particularly, if more complex field distortion estimators (with more parameters) are used, then a 

more efficient implementation such as EKF-SLAM extensions (map decomposition, alternative 

representations) or a particle filter based SLAM (FastSLAM) would be preferred. 

Our maps are created based on the information provided by the tracking device, and do not 

map the actual EM field distortions. Therefore, the created map is specific to each type of sensor, 

and may not be generalized for different types. If a variety of sensors are used, multiple maps are 

required. As a result, this method would be much more efficient if it is integrated directly into the 

tracking device, where it can gain access to the local EM field measurements. 
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Furthermore, more advanced techniques will be required for highly dynamic environments 

that cannot be assumed quasi-static in nature. Several methods have been proposed to address this 

issue; yet, SLAM in highly dynamic environments itself remains an open research problem. 

7.2.2 Instrument Deflection Estimation 

We implemented a robust needle deflection estimation method and showed that the parameter 

quantification uncertainties can be effectively compensated for. However, the performance of our 

method can be improved using alternative and more specific motion models depending on the 

actual clinical procedures and workflow.  

In addition, other means of needle base and tip localization can be incorporated into our 

sensor fusion. These include the involvement of image guidance, such as ultrasound or magnetic 

resonance imaging, for the needle tip localization, as well as using information obtained from 

robotic platforms or motion constraints from the template, for the needle base localization. 
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