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ABSTRACT 

Ultrasound (US) is a popular medical imaging modality due to its low-cost, non-

ionizing radiation, and real-time image display. However, conventional US imaging does 

not immediately provide quantitative information about tissue properties. US tomography 

is a new mode of imaging which can generate quantitative images of the object’s acoustic 

properties such as speed of sound (SOS). US tomographic images have shown promise in 

differentiating cancerous vs. normal breast tissues. The image is reconstructed based on 

transmission, thus requiring the US transmitters/receivers to be at different locations 

around the object. One recently-developed US tomography system is a circular array of 

US transducers used for scanning the breast. That system has limitations in terms of pos-

sible shapes and sizes of organs being scanned. Alternatively, two conventional US 

probes can be aligned at two sides of the organ of interest to collect tomographic data.  

In this work, two co-robotic setups are proposed to produce accurate and convenient 

alignment and localization of the two US probes. In these systems, the operator uses one 

probe to determine the region of interest while the other one is automatically aligned by a 

robotic arm. The technologies required to enable this system include calibration, robot 

control, application of tracking system, and force sensing. The feasibility of these setups 

are demonstrated in conjunction with the required components and accuracy analysis. In 

addition, several force sensing integration methods are demonstrated to ensure safe and 

smooth human-robot collaboration. 

The second part of this work focuses on limited-angle tomographic image reconstruc-

tion assuming two probes are aligned. We analyze the error/noise sources and their effect 

on reconstruction to better describe the potential and limitations of this setup. Finally, the 
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developed technology is applied to prostate cancer imaging. The strengths and shortcom-

ings are discussed based on simulation and phantom studies. An ex vivo prostate study is 

performed, and the tomography image is compared with the corresponding MRI slice as 

ground-truth. Future steps for translation into clinical studies are discussed. This may 

open new doors to low cost prostate cancer screening. 
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Chapter 1     Introduction 

 Ultrasound (US) is a popular medical imaging modality due to its availability, low-

cost, real-time image, and non-ionizing radiation (Chan and Perlas, 2011). Another im-

portant characteristic of US imaging system is its portability. Most traditional clinical US 

machines are designed to be portable using wheels (e.g. Figure 1.1(a)). Some US ma-

chines are as compact as a laptop, and more recent US imaging systems use wireless US 

probes that can send the US data to a tablet device (e.g. Figure 1.1(b)). The conventional 

US medical imaging is reconstructed based on reflection or scattering of the US waves 

from boundaries between objects or small tissue irregularities (Hopkins et al, 2010, chap-

ter 1). This type of reflection image usually undergoes some post-processing to be dis-

played as an appropriate image for interpretation by human eyes (Seabra and Sanches, 

2012), with the result being a brightness mode or B-mode image. A high-level modular 

representation of steps taken to create a B-mode US image is shown in Figure 1.2. 

 

 

(a) (b) 

Figure 1.1. (a) An US imaging machine (Sonix RP, Analogic Ultrasound, Vancouver, Canada); (b) a more 

recent US imaging system with wireless probe (Acknowledgement: Image obtained from Healcerion Co., 

Ltd, Seoul, Korea) 
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Two dimensional (2-D) US B-mode image is the most popular and clinically avail-

able type of US imaging used for a wide range of diagnostic applications such as fetal 

scans - especially for mid-trimester anatomical survey and examination of the growing 

fetus (Salomon et al., 2011), measurement of neck muscles’ shape and size (Rankin et al., 

2005), scanning for liver or renal disease, especially in children (Mahant et al., 2002 and 

Aalamifar et al., 2015c), and prostate imaging (Imani et al., 2015b), to name a few. US is 

also widely used as image guidance during interventions/surgeries due to its compact-

ness, non-ionizing radiation, and real-time image display. For example, a study by Ham-

moud et al., 1996 showed intraoperative US can be successfully used for tumor localiza-

tion and to determine the extent of resection. 

 

Figure 1.2. A high-level modular representation of steps taken to create a B-mode US image. 

Even though 2-D B-mode image is the most clinically available and hence the most 

familiar mode to the medical community, this type of US imaging has its own limitations. 

First, it mainly provides an image of tissue and organ boundaries (Hopkins et al, 2010, 

chapter 1); second, the image acquisition is operator-dependent and interpretation varies 

with the sonographer’s experience (Valentin, 2009; Timmerman et al., 1999). For exam-

ple, in a segmentation study, the manual segmentations between two instances of the 

same observer produced variable results (Bouma et al., 1996). Consequently, despite its 

unique characteristics, the image quality of US usually suffers from low signal to noise 

ratio, speckle, and signal attenuation (Cerrolaza et al., 2014).  For this reason, even 

though US is recommended as the first imaging modality especially for women (Benacer-



 3 

raf et al., 2015), many patients, after being imaged by US, might have to undergo other 

imaging modalities for further diagnosis (Aspelund et al., 2014).   

Noone et al., 2004 showed that for most abdominal applications, MRI and CT are 

the most accurate imaging method for diagnosis. However, radiation imaging modalities 

such as CT are undesirable for children or pregnant women (Brenner et al., 2001) and are 

mostly appropriate to see bone and body structure rather than soft tissue. MRI is a non-

ionizing radiation method capable of imaging soft tissue. However, it is one of the most 

expensive and consequently least available imaging modalities, requiring long wait times 

for patients to be imaged by MRI in some areas (Ehman, 2004). Additionally, MRI oper-

ates using a strong magnetic field and may not be appropriate for patients with metal im-

plants. Furthermore, CT, MRI, and many other imaging modalities are not easily availa-

ble during surgery and are mostly used pre or post-operatively. 

In summary, US has many unique characteristics that make it one of the most popu-

lar imaging modalities; however, researchers are working on several new types of US 

imaging instruments, reconstruction, and processing algorithms to improve the quality of 

images and make its interpretation quantitative, objective, and automated.  

1.1 Thesis statement 

The main contributions of this PhD thesis is in line with the endeavors aimed at 

improving the effectiveness of US medical imaging and is focused on developing tech-

nologies that provide new/more informative US images or assist the sonographers/experts 

during image acquisition.  

Established upon the work presented in this thesis, collecting data based on trans-

mission of US waves can be enabled by robotic/tracked systems that can accurately posi-
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tion two US probes while smoothly collaborating with the operator and safely interacting 

with the patient. Such data can then be used for reconstructing tomographic images that 

provide an acoustic properties map of the scanned area.  

The generated map can be used for cancer characterization based on acoustic prop-

erties. In the case of limited angle data, the reconstruction is a complicated and challeng-

ing task and requires further investigations to find the optimized settings and algorithms. 

Various parameters can affect the quality of reconstruction, including time of flight 

(TOF) noise and bias, localization errors, and waveform noise. Minimizing these errors is 

more vital in the limited angle data case. 

Co-robotic US tomography technology can be used for prostate imaging during bi-

opsy to provide a map of cancerous areas. Simulations show using a linear abdominal and 

a linear transrectal probe can yield images with detectable lesions. Further ex vivo and in 

vivo studies are needed to prove feasibility. 

The robotic/tracked setup can be used for other applications for faster or more con-

venient B-mode imaging. Examples include reducing physical strain on sonographers 

using force sensors in combination with robotic arms; and providing simultaneous sym-

metrical scan of the body using a second robotic US probe mimicking the sonographer’s 

motion. 

1.2 New types of US imaging 

New types of US medical imaging have recently been growing quickly. The fields 

being explored currently include but are not limited to elastography, 3-D US, US tissue 

characterization, image compounding, and US tomography.  
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Strain elastographic imaging measures elasticity (or equivalently stiffness) of the 

tissue by pushing the US probe on the tissue surface (Rivaz et al., 2011). It then can pro-

vide a relative strain distribution map which may be able to differentiate between differ-

ent tissue types e.g. cancerous and normal tissue. This imaging modality provides qualita-

tive or semi-quantitative images (Drakonaki et al., 2012) based on mechanical properties 

of tissue and cannot provide any other information about the tissue such as SOS or atten-

uation. An alternative method of elastography is implemented by shear wave propagation 

and measuring shear wave velocity. This method is more objective than strain elas-

tography, however, requires specialized instrumentation and also there are concerns about 

the use of this method in superficial structures because a certain depth is required to pro-

duce shear waves (Drakonaki et al., 2012). 

3-D US has recently become very popular and adapted to clinics for many applica-

tions such as kidney (Aalamifar et al., 2015c) or fetus imaging (Yagel et al., 2007). There 

are three main types of 3-D US (Prager et al., 2010): motorized US probe (Fenster et al., 

2014), tracked US probe (Prager et al., 1998b), and matrix array probe (Aalamifar et al., 

2015c and Prager et al., 2010). Matrix array probes are the most recent ones and contain a 

2-D array of US transducers. They provide real-time high quality 3-D US images. An 

example 3-D US image of a kidney using a matrix array probe is shown in Figure 1.3. 

This type of 3-D imaging reduces the image dependency to the sonographer by providing 

various slices of the organ in a single shot. 
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Figure 1.3. A 3-D US image of the kidney of a patient with hydro nephrosis (including part of the liver) 

taken using a matrix array probe. 

US tissue characterization and segmentation algorithms are usually applied to B-

mode images to extract and provide quantitative and automated information. These algo-

rithms can be based on texture features of the post-processed image (Noble, 2010) or dis-

tribution of US backscatter raw data (Aalamifar et al., 2015c). 

US image compounding is a method of improving the image quality by combining 

several frames taken from the same region. These frames may differ in their transmit cen-

ter frequency, in viewing angle, or aperture size (Whatmough et al., 2006). Compounding 

over several acquired frames reduces the frame rate of the displayed image but increases 

the signal to noise ratio, and reduces speckle appearance and artifacts. Whatmough et al., 

2006 study showed that compound US images are perceived as higher quality in terms of 

border definition and signal to noise ratio in 69% percent of cases. Image compounding is 

nowadays available in many commercial US scanners. 
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(a) 

 

(b) 

Figure 1.4. (a) Reflection mode US: US wave generated by one or several transmitters travels through the 

medium and gets partly reflected by each resolution cell. (b) Transmission mode US: transmitters take turn 

sending US signals that will be received on the other side of the medium. Two transmitters are shown for 

better clarity of image. 

As illustrated in Figure 1.4(a), in all the above-mentioned US technologies, the 

same US transducers are used for both transmitting and receiving; in other words, they 

are fundamentally based on reflection properties of the object. The US wave generated by 

one or several transmitters travels through the medium and at each pixel, gets partially 

reflected to the same transducers. Therefore, the formed image mostly represents the re-

flection property of each pixel. The image has a granular appearance due to random scat-

tering. Since the amount of scattering depends on tissue types, this granular appearance 

may be used for tissue characterization (Aalamifar et al., 2015c). In this mode, the dis-

tance between the transducer and the reflection location is computed using the signal’s 

travel time and assuming a known, constant, and uniform SOS. In contrast, as illustrated 

in Figure 1.4(b), another recent mode of imaging, called US tomography or transmission 

US, provides quantitative acoustic images by placing the transmitter and receivers at op-

posite directions around the object, similar to CT (Duric et al., 2005). In transmission 

mode, the transmitters’ and receivers’ locations are known with respect to each other. 
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Hence, the SOS and the attenuation coefficient can be calculated at each pixel based on 

the signal’s travel time, power, and the traveled path.  

 

 

(a) (b) 

Figure 1.5. SoftVue US tomography. (Acknowledgement: Images obtained from Delphinus Medical Tech-

nologies, MI, USA); (a) The workstation: the patient lies in prone position and put her breast inside a cavity 

filled with water. (b) US transducers arranged in a ring array.  

In 2013, one of the few commercial US tomography systems, called SoftVue (Del-

phinus Medical Technologies, Michigan, USA), got 510K clearance from FDA for breast 

imaging (Delphinus Medical Technologies, 2014). Figure 1.5 shows the SoftVue system, 

and the US trasducers’ circular arrays (Delphinus Medical Technologies, 2016a). An ex-

ample produced image is shown in Figure 1.6 (Delphinus Medical Technologies, 2016b). 

This device contains of a circular array of US transducers used for breast cancer diagno-

sis. The patients lie on a bed and submerge their breast into a cavity filled with water and 

surrounded by the transducers. Then US tomographic images of SOS and attenuation are 

reconstructed which, together with reflection image, have been shown effective in differ-

entiating between normal, benign, and malignant lesions (Li et al., 2009a).  
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Figure 1.6. US tomography image (UST) versus Cranial-Caudal (CC) and Medio-Lateral Oblique (MLO) 

mamograms. (Acknowledgement: Images obtained from Delphinus Medical Technologies, MI, USA) 

US tomographic imaging has been a subject of research for many years since the 

1980s (Greenleaf, 1983). However, there are certain difficulties in this type of imaging: 

1. Since US waves are completely reflected in a boundary between air and tis-

sue, clinical US waves cannot travel through air; hence, for these waves to 

reach the receiver(s), usually, a coupling medium, e.g., water, should be 

used. 

2. A special device, often circular, needs to be developed; hence, only organs 

that fit inside the circular array can be scanned. 

The above limitations make US tomography inconvenient, expensive and rarely 

available; and restrict this imaging modality to specific organs such as the breast. Another 

type of US tomographic device, sometimes known as transmission US (e.g., the work by 

Huang et al., 2015 and Huang and Li, 2004), can be made by aligning linear transducers 

or using a linear reflector. This approach addresses the above mentioned shortcomings. In 

addition, two conventional probes that are already available can be placed in contact with 

the object so that no coupling medium is required. They also can be used to scan objects 

that do not fit into the circular array. However, aligning two probes is a difficult task and 

cannot be accurately done manually. Hence, we propose a robot-human collaborative 

system in which one or two robotic arms help the sonographer in aligning the US probes. 
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The key innovation is based on a co-robotic, light-weight, flexible, and human-safe US 

tomography system. In the robot-assisted system, the operator uses one US probe to de-

termine the region of interest, while the other US probe is automatically aligned by a ro-

botic arm. The former can be done as tracked freehand or in co-operation with a robotic 

arm. In Chapters 2 and 3, we study and develop different setups and technologies ena-

bling the robot-assisted US tomography system. 

1.3 Robotic/tracked US systems 

In various previous works, robotics has been utilized to enhance US imaging; ex-

amples can be found in Abolmaesumi et al., 2002 and Monfaredi et al., 2014. In addition 

to robots, tracking systems have been used to enable new features or functionalities such 

as 3D US (Prager et al., 1998b), image compounding (zu Berfe et al., 2014), and tracked 

US elastography (Rivaz et al., 2009). 

 

Figure 1.7. A 6 DOF robotic arm holding an US probe. The transformation matrix from robot tooltip to US 

image coordinate frame is found through US calibration. 

In any tracked or robotic US imaging system, accurate calibrations need to be done 

to recover the transformation between the US image and the robot tooltip or tracked 

marker, called US calibration (See Figure 1.7). Mercier et al., 2005 provide a comprehen-

sive summary of various types of US calibrations. In Chapter 4, we discuss an automated 
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US calibration method by creating an active communication between the robotic arm and 

an US fiducial, called active echo (AE) element used for calibration (Guo et al., 2014a). 

Other calibrations include robot to tracker calibration, or robot to robot calibration; these 

are required to enable dual US probe operation and are explained in Chapters 2 and 3. 

Since the US probe needs to be in contact with patient’s body, ensuring a safe in-

teraction between the robotically operated probe and the patient is necessary. In addition, 

the robot is in close proximity with the sonographer/operator and they may want to take 

control of the probe in collaboration with the robotic arm during a scan. In some applica-

tions, it is necessary to decouple the force applied by the sonographer from the one ap-

plied to the patient. These features can be added using force sensors attached to the robot-

ic tool or the US probe itself.  

Sen et al., 2013 developed a robotic manipulator with force sensing capability for 

use during radiation therapy monitoring. They used a virtual spring control scheme to 

enable cooperative control of the US probe by both the operator and the robotic tool. Ma-

suda et al., 2011 used a 6-axis force sensor together with a parallel robotic mechanism to 

alleviate the sonographer’s hand fatigue during US scans. They distinguish between the 

probe coming into contact with the patient and the probe being moved in free space by 

the sonographer using the US image. We describe several ways of adding force sensing 

capability to the co-robotic US systems and provide an implementation that can decouple 

the two forces in Chapter 4. 

The main focus of this thesis is to develop robotic technologies that enable US 

tomographic imaging for various organs and applications. However, the same technolo-

gies can be modified to enable faster or more convenient B-mode US scanning. One ex-
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ample is enabling US mirror imaging of symmetrical anatomies such as two legs. Exami-

nation of legs for deep venous thrombosis is mainly done using B-mode compression US. 

In this method, the sonographer needs to carefully inspect the amount of compression at 

each venous segment. Lack of compression in one or more segments leads to thrombosis 

diagnosis. For this test, scanning both legs takes 12-14 minutes on average for an experi-

enced physician (Schellong et al., 2003). If the physician is suspicious of thrombosis es-

pecially in veins that are not normally visible, they use US Doppler measurements to per-

form further inspection. Since the results of this test are highly dependent on the sonog-

rapher’s skill and attention to the inspection protocol (Schellong et al., 2003), a robotic 

arm assisting with the scan can improve the results. The robotic arm in this case can mir-

ror the scanning procedure on the second leg, while the physician is performing the scan 

on the first one. Simultaneous display of the legs’ vascular structure in the US image can 

also provide a reference for abnormalities or the perceived amount of compression.  In 

the second part of Chapter 3, the dual robotic arm US system is further developed to ena-

ble the simultaneous mirror scan. 

1.4 US tomosynthesis 

After explaining the developed setups, we focus on the reconstruction of tomo-

graphic images. A complete tomographic reconstruction can be done using a complete set 

of data (i.e. the US transducers provide at least 180 degree views of the object). For this 

reason, the aligned probes are usually rotated 180 degrees to acquire a complete set of 

tomographic data. This may not be easily feasible in applications imaging different 

shapes and organs. Similar to x-ray tomosynthesis, it is possible to reconstruct images 

with an incomplete set of data (Niklason et al., 1997). In this thesis, we mostly focus on 
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reconstruction of tomographic US images when only limited tomographic data (one or a 

few views) is available. The innovative research derived from this investigation is anoth-

er contribution of this thesis. 

Previous systems enabling limited angle US tomographic reconstruction were 

mainly tested on phantoms, breast or leg. Huang and Li, 2004 present a limited angle US 

tomography setup that is enabled by compressing the patient’s breast between an US 

probe and a reflection plate. They provide a method for limited angle SOS reconstruction 

incorporating some information extracted from B-mode image segmentation as priors. 

Huang and Li, 2005 present a similar method for reconstruction of attenuation coeffi-

cient, and the results obtained from these systems in clinical studies are provided in 

Chang et al., 2007. Other studies have presented more advanced algorithms or phantom 

studies on the same subject including Hooi and Carson 2014, Huthwaite et al., 2013, and 

Jeong and Kwon, 2010. None of the above studies, however, have investigated prostate 

imaging. 

1.5 Prostate cancer imaging 

Prostate cancer is the most common male cancer and the second leading cause of 

cancer mortality in the US (Siegel et al., 2016). If the prostate specific antigen level goes 

above a certain threshold, patients are advised to undergo a biopsy for diagnosis. Here, a 

key to survival is early detection and accurate characterization of cancer (Labrie et al., 

1999). Systematic sextant biopsies under transrectal US (TRUS) guidance have been the 

gold standard method since the 1980’s (Durkan et al., 2002). TRUS is real-time, relative-

ly low cost, and shows the prostate capsule and boundaries. However, it suffers from 

poor spatial resolution and low sensitivity for cancer detection, 40-60% (Imani et al., 
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2015a). Typically, six, twelve (or even up to 50) “blind” biopsies are obtained in a regu-

lar but random fashion. Instead of directing the needle to a specific target, it is placed in a 

specific geographic region of the prostate (Durkan et al., 2002), hoping to sample ade-

quately. No other solid organ is sampled blindly for cancer in this fashion.  

MRI is markedly more sensitive for clinically significant prostate cancers. A multi-

parametric MRI (mpMRI) study is highly sensitive to the detection of aggressive, clini-

cally significant prostate cancers, with a high positive predictive value. However, it is not 

typically a real-time imaging modality, and the cost, time, availability, and complexity of 

in-gantry prostate biopsy make it impractical to apply across a broad population as a 

screening procedure. Fusion of TRUS and mpMRI benefits from both imaging modalities 

(an example system enabling this feature is shown in Figure 1.8) and permits use of MRI 

information, without requiring the physical presence of the MRI. Even though US-MRI 

fusion guided biopsy has shown to be highly sensitive in detecting higher-grade cancer, it 

still suffers from high false positives for lower-grade cancers resulting in unnecessary 

biopsies (Durkan et al., 2002). The bigger limitation of the MRI-TRUS fusion guided 

biopsy is that it still requires MR imaging, which is expensive. There are still many hos-

pitals around the world and in the US that cannot afford to have an MRI system. This 

results in less accessibility in rural and poor geographies to MRI. The 8% global increase 

in the number of MRI machines is still far from ideal.  
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Figure 1.8. A screenshot of UroNav software (UroNav, Invivo Corps, Florida, USA) that enables MRI-US 

fusion during prostate biopsy. 

US tomosynthesis may be a viable solution for low-cost imaging of the prostate. 

Since different tissues such as benign, malignant, or normal tissues, have different acous-

tic properties, the tomographic image can potentially be used for cancer detection. In 

Chapter 6, we describe how a robotic setup may be used for prostate US tomosynthesis 

and provide preliminary results. 

1.6 Summary of contributions 

The main goal of this thesis is to promote new dimensions in US imaging by show-

ing the proof of concepts, feasibility studies, accuracy analysis, and investigating practi-

cal reconstruction subtleties. In line with these goals, the following summarizes the con-

tributions of this thesis: 

- Proposed and implemented a co-robotic setup that enables automatic and real-

time alignment of two US probes with one probe operated as freehand; 
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- Proposed and implemented a dual robotic arm setup that enables automatic and 

real-time alignment of two US probes with one probe controlled by both human 

and robot; 

- Implemented and tested accurate methods of calibration and evaluation as ena-

bling technologies for the two co-robotic setups; 

- Provided the enabling technologies for symmetrical US scan of the legs by add-

ing a vision component, performing an extra calibration, and calculating the 

mirror transformation; 

- Provided a comprehensive error propagation analysis for the dual arm setups to 

better understand the main contributors to the overall misalignment; 

- Implemented several force sensing features to enable smooth and safe human-

robot collaboration and interaction and to reduce the strain on sonographer’s 

hand; 

- Proposed, implemented, and tested a robot assisted automatic US calibration by 

establishing an active communication between the robot controller and an US 

fiducial. This method can make feasible frequent and convenient validation of 

US calibrations’ accuracy. 

- Provided a framework for US tomosynthesis by investigating several recon-

struction methods applied to limited angle US tomography through various 

simulation and phantom studies; 

- Investigated sources affecting the quality of the reconstructed image and pro-

vided an in-depth analysis of the impact of each parameter; 
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- Proposed a setup enabling use of co-robotic US tomosynthesis for prostate can-

cer; and proposed, implemented, and tested a setup for prostate ex vivo study 

that can correspond MRI and pathology results to US B-mode and tomosynthe-

sis images. 

1.7 Thesis overview 

In this chapter, an overview of different concepts discussed in this thesis was pro-

vided. For each topic, a few previous works were discussed to highlight the background 

and motivation. Further discussions on existing methods and how they relate to the pre-

sented work will be provided at the beginning of each chapter. Chapter 2 presents the first 

co-robotic prototype enabling accurate alignment of two US probes. The localization 

methods, calibration procedures, and extensive evaluations of the calibrations’ precision 

and repeatability are provided in this chapter. In chapter 3, a new prototype is described 

which eliminates the tracking system using a second robotic arm; this setup does not re-

quire line of sight and benefits from higher accuracy of the robotic arm in localization. 

We then expand this dual arm setup to enable symmetrical positioning of two US probes 

and then provide a framework for extensive error propagation analysis. Chapter 4 de-

scribes two additional technologies, i.e. automated US calibration and force sensing ca-

pability. These are an integral part of any practical robotically operated US system.  

Chapter 5 and 6 are mainly focused on the imaging aspects of an US tomographic 

setup. Chapter 5 describes the overall framework of the reconstruction problem and pro-

vides results of applying several algorithms to the limited angle US tomography, called 

US tomosynthesis. This chapter expands on various parameters and error/noise sources 

affecting the produced image and concludes with a phantom feasibility study. Chapter 6 
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brings the proposed co-robotic US tomosynthesis system to a new application, e.g., pros-

tate cancer imaging. In this chapter, an ex vivo prostate US tomosynthesis setup is dis-

cussed that can correspond MRI and pathology results to US B-mode and tomosynthesis 

images. Preliminary phantom and ex vivo results with this setup are then provided. In 

chapter 7, we conclude this thesis by summarizing the findings and discussing steps that 

can be taken, and shortcomings and challenges that can be addressed in future related 

research. 

  



 19 

Chapter 2     Robot-assisted ultrasound tomography setup: 

Freehand-robot dual probe alignment 

US tomographic image is reconstructed based on transmission and therefore re-

quires the US transmitters/receivers to be at different locations around the object. One 

type of US tomographic device, sometimes known as transmission US, can be made by 

aligning two US probes, activating one or several of the transducers in one probe as the 

transmitter and the rest as the receiver (Huang et al., 2015; Lin et al., 2012; Gudra and 

Opielinski, 2006; Marmarelis et al., 2003). This kind of setup can cover objects of differ-

ent sizes and does not need a special coupling medium, e.g., water, thus making US 

tomographic imaging practical for more general applications.  

On one hand, the advantages of this type of US tomography make it an interesting 

area of research. On the other hand, the problem of aligning the two probes appropriately 

remains a major challenge. Hence, in this chapter, a robot-assisted US tomography sys-

tem, freehand-robot US tomography setup that can address the alignment challenge 

(shown in Figure 2.2) is described (Aalamifar et al., 2014 and Aalamifar et al., 2016b). In 

this setup, the freehand probe is operated by a sonographer or a technician and is tracked 

by a tracking system installed on the robot side. The appropriate movement of the robot-

held probe can be calculated and sent to the robot such that the robot-held probe moves in 

compliance with the freehand probe. The key innovation is based on a co-robotic, light-

weight, flexible, and human-safe US tomography system. The advantages of having the 

robot in the loop include precise alignment and ease of use. The stereo camera, a Mi-

cronTracker, is rigidly attached to the robotic arm. The tracker can track the freehand 

probe and at the same time provide a photographic view of the anatomy. 
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Figure 2.1. Freehand-robot US tomography setup and components; one probe is operated freehand while a 

6 DOF robotic arm is used for automatic alignment. 

Several groups have reported robot assistance for US imaging (Ho et. al, 2009; 

Boctor et al., 2004; Abolmaesumi et al., 2002; Monfaredi et al., 2015). However, to the 

best of our knowledge, no robot-assisted US tomography system has been proposed pre-

viously.  

To achieve precise alignment, at least three calibrations are required: two US cali-

brations and one hand-eye calibration. US calibration is the process of finding the trans-

formation from the coordinate frame of a rigid body attached to the US probe to the US 

image coordinate frame. Mercier et al. (2005) provide an extensive review on the current 

state of the art US calibration techniques. The method of calibration used in this chapter 

is the point calibration solved using a gradient solver (Ackerman et al., 2014). Hand-eye 

calibration is the process of finding the transformation from the robot tooltip coordinate 

frame (hand) to the camera (eye) rigidly attached to the robotic arm. In this chapter, after 
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giving a summary of the system setup and calibrations, an extensive evaluation of the 

calibrations and alignment are provided. 

It should be noted that this chapter has been published in Aalamifar et al., 2014 and 

Aalamifar et al., 2016b. Other than my supervisor, I have collaborated with Rishabh 

Khurana, Alexis Cheng, Xiaoyu Guo, Iulian Iordachita, and Russel H. Taylor to accom-

plish the work written in this chapter. Rishabh Khurana led the implementation of C++ 

interface, and hand-eye calibration; and contributed to the design of the end-effector, ro-

bot selection and programming, calibrations’ data collections, processing, and evalua-

tions, and overall alignment; Alexis Cheng was involved in many intellectual discussions 

during the project, especially the coordinate system transformations, provided the initial 

codes for calibrations, and contributed to calibrations’ data processing. Xiaoyu Guo pro-

vided the AE setup. Iulian Iordachita mentored Rishabh and me in all the mechanical de-

signs and manufacturing. Russel H. Taylor mentored Rishabh and me in the first phase of 

the project that included project idea evaluation and development, and implementation of 

the proof of concept. I have been the lead for the overall project planning, coordination 

and implementation, and was mainly responsible for tasks related to tracking system, de-

sign and manufacturing of the probe holders and the freehand probe attachment, imple-

mentation of both robot and tracking system connection in C++ interface, US calibra-

tions, simulation study, and overall alignment formulation. 
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2.1 System Overview 

The freehand-robot US tomography system is comprised of several components. In 

this section, both hardware and software components of the proposed prototype are intro-

duced. First, an overview of the system setup and hardware is provided; then a summary 

of the software framework is explained. 

2.1.1 System Setup 

Figure 2.2 shows the prototyped freehand-robot US tomography setup. The free-

hand probe is shown as held by a passive arm. The 6 degrees of freedom (DOF) UR5 ro-

botic arm (Universal Robots Inc., Odense, Denmark), for which we designed a compati-

ble end-effector, was used. For tracking, we used a MicronTracker SX60 (Claron Tech-

nology Inc., Toronto, ON, Canada). MicronTracker, uses visible light normal stereo cam-

eras for tracking; in addition, it is light-weight and can be installed on the robotic arm to 

provide a view of the scanning area. In this chapter, the word “camera”, may be used in-

terchangeably with tracker to refer to the MicronTracker’s stereo cameras. 

We designed a rigid body that attaches to the robotic arm’s end-effector and holds 

both the tracker and the robotic US probe. In addition, another rigid body was designed 

 
(a) 

 
(b) 

Figure 2.2. (a) Implemented freehand-robot US tomography setup. The components of the system are 

shown: 1. UR5 6 DOF robotic arm, 2. MicronTracker, 3. Designed end-effector, 4. Robotic US probe, 5. 

Freehand US probe, 6. Freehand marker and rigid body. (b) A sample radiological path between a pair of 

US elements on the two US probes.  
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for the freehand probe to hold the MicronTracker marker. The appropriate position of the 

marker on the freehand probe and the placement of MicronTracker on the robotic arm 

were determined through a configuration study with the assumption that the region to be 

scanned is a phantom with cylindrical shape and maximum diameter of 30 cm. The goal 

was to design the configuration such that for this cylindrical phantom, the tracker and 

marker keep line of sight and also the marker remains in the tracker’s field of measure-

ment.  

2.1.2 Ultrasound system 

Two US machines are required to facilitate simultaneous operation of both probes. 

Two Ultrasonix machines (Ultrasonix Inc., Richmond, British Columbia, Canada) are 

used. Two identical 60 mm linear array probes are used. One of the probes, the freehand 

probe, will be operated by the technician; the other one, called the robot-held probe, is 

attached to the robotic arm to track and mimic the motion of the freehand probe. 

2.1.3 Tracking system 

For tracking, an external tracking system is required. The first consideration for the 

external tracker is finding an appropriate place for it in the system’s workspace. We 

chose to put the tracker on the robot arm. This arrangement has the following advantages: 

1) there is no limitation in workspace due to the tracker’s limited field of view (FOV); 2) 

it can provide tomographic images from the tracker to compensate for truncated tomog-

raphy caused by small FOV of US image; and 3) the system will be more easily portable.  

We selected the MicronTracker SX60 (Claron Technology Inc., Toronto, ON, Can-

ada), which provides real-time images of the scene (visible light functionality), has a 

small footprint, is ultra-light (camera + case < 500 grams), and has passive, easily printa-
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ble markers and low cost stereo cameras. The camera’s range of measurement is 115 x 70 

x 55 cm, and the maximum measurement rate is 48 Hz. The camera’s calibration accura-

cy is 0.25 mm. The tracker is connected to a PC through IEEE1394b (Firewire) with a 

speed of 800 Mb/s. In its range of measurement, MicronTracker can detect the 3D posi-

tion of Xpoints that are at least 2.5 mm in diameter.  

2.1.4 Robotic arm 

A robotic arm is required that can precisely reach every point of the workspace and 

can provide all the orientations. A low-noise flexible and lightweight robot is also pre-

ferred for this application. We used a UR5 robotic arm (Universal Robots Inc., Odense, 

Denmark), which is a lightweight (18.4 kg) and noiseless robot with 6 DOF. All six joints 

have a rotation range of ±360 degrees. The robot tooltip can reach 850 mm from the cen-

ter of the base with a repeatability of ±0.1 mm and with a speed of up to 1 m/s (Universal 

robots, 2013a).  

The robot comes with a controller and a teach pendant (or control panel). The con-

trol panel has a software tool called Polyscope from which the robot can be controlled by 

the user. In general, the robot can be controlled in 3 modes: GUI, URscript, and C API: 

1) The GUI is available through the polyscope software on the control panel and gives 

direct access to control the joints’ angles or the tooltip position. It is also possible to save 

the positions as a program and run it automatically. 2) The URscript is the language pro-

vided by the company with built in variables and functions. 3) It is also possible to con-

trol the robot using the low level C-API. However, the users need to provide their own 

robot controller and specify all the parameters, such as each joint’s position, speed, and 

acceleration.  
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UR5 also comes with its own simulator called URsim. In addition, the experimental 

version of the Universal Robots ROS simulator can be found at Edwards et al., (2014). 

2.1.5 Simulation study for mechanical designs 

To enable the tracking and robot-held probe operation, two mechanical interfaces 

were designed and manufactured. The marker should be rigidly attached on top of the 

probe so that it is always visible in the tracker’s range of measurement. It is also desired 

to have the camera looking at the same scene that the US probe is imaging; hence the 

camera is placed at the end-effector as close as possible to the robot-held probe. Howev-

er, we also should consider that the object being scanned should not obstruct the camera’s 

view of the marker on the freehand probe. Hence, it should be placed at a distance with 

respect to the robot-held probe that is in contact with the tissue. When the camera’s ap-

proximate desired position is determined, we need to design the freehand rigid body such 

that the following is ensured: 1) The marker is always in the range of measurement of the 

camera, 2) The marker is always in the camera’s line of sight. 

At this stage, it is assumed that the object of interest is cylindrical with a maximum 

diameter of 30 cm. Based on this assumption and considering the camera’s range of 

measurement volume, the camera’s position and angle on the end-effector and the marker 

position on the freehand probe are determined based on a sample simulation study shown 

in Figure 2.3. 
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Figure 2.3. Simulation study of camera and rigid body positions (FOM: field of measurement). 

2.1.6 Freehand probe rigid body 

First, a probe holder is designed and built using ABS material and solid 3D print-

ing. A hole is designed on top of the probe holder to insert a 30 cm rod complying with 

the design shown in Figure 2.3. To ensure both rigidity and lightness we used carbon fi-

ber tube with 0.5 inch inside diameter. The marker is attached to the top of the tube as 

shown in Figure 2.4 (a) and (b). 

 

Figure 2.4. Freehand rigid body and end-effector design for freehand-robot assisted US tomography setup. 
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2.1.7 End-effector rigid body 

In order to attach the tracker’s camera and robot-held probe, we designed a separate 

end-effector that could be mounted on the robot arm. Figure 2.4 (c) and (d) shows its 

components. Since the camera’s weight should be tolerated on the end-effector, the car-

bon fiber tube, used for the end-effector, has a larger diameter (0.75 inch), in comparison 

to the freehand rigid body, to ensure greater rigidity. The whole end-effector weighs 

around 1 kg and is less than the maximum possible payload on the robot, which is 5 kg. 

2.1.8 Software Framework 

To enable the simultaneous operation of the two probes, a software interface is re-

quired. Each curved arrow in Figure 2.5 represents a 4x4 transformation matrix. All the 

transformation matrices can be read through robot encoders or tracker except for 𝑋1, 𝑋2, 

𝑋3, and 𝑇12. The calibration procedure to find the three 4×4 transformation matrices (𝑋1, 

𝑋2, 𝑋3) will be explained in section 2.2 Chapter 2. The results of the three calibrations 

were hard coded into the software. As shown in Figure 2.5, initially, the two probes are 

not aligned (Robot tooltip in Pose1).  

 

Figure 2.5. Transformations used in the software framework. 𝑃𝑜𝑠𝑒1 is the initial position of the robot 

tooltip and 𝑃𝑜𝑠𝑒2 is the desired position calculated by the software program and sent to the robot. 
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In stage 1, the software fetches the current MicronTracker’s reading and gets the 

position and orientation of the freehand marker (𝐹𝐻𝑃𝑜𝑠𝑒1) in the MicronTracker’s coor-

dinate frame. In stage 2, using calibrations’ information, the software calculates the goal 

position of the robot tooltip for the appropriate alignment of the two probes. The calcula-

tions are done based on the following equations:  

𝑇𝑈𝑆1 = 𝑃𝑜𝑠𝑒1𝑋3𝐹𝐻𝑃𝑜𝑠𝑒1𝑋1, (2.1) 

𝑇𝑈𝑆2 = 𝑇𝑈𝑆1𝑇12, (2.2) 

𝑃𝑜𝑠𝑒2 = 𝑇𝑈𝑆2𝑋2
−1𝑋3

−1, 
(2.3) 

where 𝑇12  is a 4×4 transformation matrix between the freehand probe US image 

coordinate and the desired position of the robotic US image coordinate frames. 𝑇12  is 

determined by the diameter of the cylindrical phantom (𝐷) and axes definitions as shown 

in Figure 2.6. 𝐷 is the distance between the two probes (in the y-direction of the probes) 

and is defined based on the size of the object being scanned. In this prototype, 𝐷 needs to 

be determined before image acquisition. In future prototypes, a force sensor is used to 

adjust the distance between the probes so that objects with arbitrary sizes can be scanned. 

 

 
(a) (b) 

 Figure 2.6. Axes direction conventions as defined in this chapter. (a) 𝑇12 is determined based on the defini-

tion of the axes in the two probes and also the cylinder diameter. In this prototype, the probes were installed 

such that the defined axes are as shown above. (b) Axes definition from side view; the frame’s origin for 

each probe is defined at the probe’s edge. 
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When defining 𝑇12, it is important to first determine the US images’ axes direction 

and the position of their origin (top corner of the US image). In this prototype, the US 

probes were installed such that their frame and axes direction are as shown in Figure 2.6. 

Hence, the 𝑇12 transformation is comprised of a rotation of 180 degrees about the Z axis 

and a translation along the X axis. The translation along the X axis is equal to the lateral 

length of the probe, which is 65 mm. In addition, the frames’ origins are located at the 

edges of the US probes, which requires another translation of 9 mm along Z axis (eleva-

tional width of the probe tip). Hence, the 𝑇12 transformation is defined as 
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where the units are in millimeters. 

Using Equation (2.1), the software finds the position of the freehand US image origin in 

the robot base’s coordinate frame. After that, the desired robotic probe’s US image 

position is calculated using Equation (2.2). Then, the goal position of the robot tooltip 

with respect to robot base is found such that the robotic probe’s US image is aligned with 

the freehand one (Equation (2.3)). In stage 3, a command is sent to the robot controller to 

move the tooltip to the goal position (Pose2). The software was written in C++ using 

MicronTracker library called MTC through which the 𝐹𝐻𝑃𝑜𝑠𝑒 can be read. The PC-

robot connection was established through Ethernet. A program was written to be 

executed on the robot control panel, using URScript (Universal robots, 2013b) 

commands, that is able to establish the client-server connection with the PC C++ program 

and operate in a loop to handle the above procedures.  
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2.2 Calibrations 

To enable tracking, two US calibrations and one hand-eye calibration are required. 

In each calibration, the goal is to identify a 4×4 transformation matrix that determines the 

relation between two rigidly attached coordinate frames in terms of both translation and 

rotation in 3-D space. The first US calibration, 𝑋1 shown in Figure 2.5, called freehand 

calibration, finds the transformation from the freehand probe’s marker coordinate frame 

to its US image coordinate. The second one, 𝑋2, called robot-side US calibration, finds 

the transformation from the camera’s coordinate frame to the robotic probe’s US image 

coordinate. The third calibration, 𝑋3, called hand-eye calibration, finds the transformation 

from the robot tooltip coordinate frame to the camera’s coordinate frame. 

2.2.1 Calibration Method 

The method we used for all the calibrations was point calibration, i.e., a fiducial 

point was observed by one of the coordinate frames from different viewing angles and 

positions. The reason for choosing this method is its simplicity, which can be easily 

adapted to the limitations of our setup such as the required line of sight, and small FOV 

of the tracker.  

 

Figure 2.7. Point calibration diagram. The calibration’s objective is to find 𝑋. 𝐵𝑖 and 𝐵𝑗  are 4×4 transfor-

mation matrices that can be read; 𝑝1 and 𝑝2 are 3-D positions of the fixed point fiducial as observed by 

frame 1.  
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As shown in Figure 2.7, in point calibration, a fixed point fiducial and a fixed 

frame are required. Frames 1 and 2 are moved to different positions and orientations so 

that frame 1 can observe the point from different viewing angles. For any position pairs, 

as shown in Figure 2.7, the following equation holds: 

𝐵𝑖𝑋𝑝𝑖 = 𝐵𝑗𝑋𝑝𝑗.  

Each 𝐵𝑖𝑋𝑝𝑖 defines the ith point in the fixed frame; where 𝐵𝑖 is the transformation 

from robot base to its tooltip, and 𝑝𝑖 is the location of point fiducial in the US image co-

ordinate frame. Since 𝑋 is a rigid body transformation, it is the same in the two poses. 

Using all the collected data, a cloud of points is formed, and the correct X is the one that 

minimizes the size of this point cloud. To find 𝑋 , the Gradient Descent algorithm 

(Ackerman et al., 2014) was used. It starts from an initial 𝑋 and converges to the calcu-

lated 𝑋 iteratively by defining an appropriate cost function penalizing 𝐵1𝑋𝑝1 − 𝐵2𝑋𝑝2.  

In a point calibration, it is assumed that the point fiducial is fixed. The US plane 

has a thickness; while it is usually assumed that the point fiducial is exactly in a thin 

slice, it can be anywhere within the plane thickness. It has the same effect as if the point 

fiducial is not fixed and moves (several millimeters) during data collection. Hence, it is 

important to make sure the point fiducial is in the image mid-plane. 

Hence, if a passive point is used, the accuracy of the calibration would be limited 

by the image thickness. In fact, while imaging the point, it is not possible to ensure that 

the point is at the center of the US beams. To overcome this issue, instead of a simple 

point, a miniaturized US element is used as the point fiducial, called AE.  

We fixed the AE US element inside a gel such that the US probe can scan the AE 

element from the top. A wire connects the AE element to a circuitry (Guo et al., 2014a) 
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that is designed to receive the AE element signals. This circuit is also connected to the 

US machine and produces a pattern injection in the US image and also a beeping sound. 

Once the AE element is in the center of the US beam, the pattern injection is wider and 

brighter, and the beeping can be heard with a higher frequency. A sensitivity knob has 

been designed to control the indicator’s activation threshold. A sample pattern injection 

observed in the US image is shown in Figure 2.8. Overall, the use of AE element can help 

the operator during data collection to ensure data collection is done when the fiducial is at 

the center of the image thickness. 

 

Figure 2.8. AE element and pattern injection in US image; AE element is an US element that can be used as 

an active point fiducial to enhance accuracy of data collection for US calibration. 

Another challenge during data collection for calibrations is synchronizing the data 

streams. There are methods proposed in the literature for synchronization (or temporal 

calibration: Ackerman et al., 2013; Prager et al., 1998b; Gooding et al., 2005) but in this 

study, the data was collected at static positions to avoid the need for synchronization. 

2.2.2 Freehand US Calibration Setup 
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In freehand US calibration, as shown in Figure 2.9 the tracker was fixed and the 

freehand probe was moved to different positions and orientations to image the AE 

fiducial. At each probe pose, instead of one reading from tracker, 20 readings were 

recorded and their average was interpreted as one pose. This way, first, the reliability of 

each reading is increased rather than being degraded degraded by environment noise such 

as tiny movement of camera or marker; second, the standard deviation of these readings 

can be used as a measure of reading accuracy. For the purpose of data collection for 

calibrations only, the software demo that comes with the MicronTracker’s software 

package was used. 

During data collection, at each pose of the probe, the 3-D position of the marker 

was captured by the fixed camera and the 2-D position of the fiducial was captured in the 

freehand probe US image coordinate frame. Since the AE fiducial is fixed in the coordi-

nate frame of the camera, the manually segmented points in the US images form a cloud 

of points in the camera coordinates system, and the gradient solver method can be used to 

find the transformation, 𝑋1, that minimizes the size of this cloud of points.  

 

Figure 2.9. Freehand US calibration setup 
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In both US calibrations, similar to the tracker’s data collection, at each static pose, 

20 US images were collected and their average was used as one US image to segment the 

AE fiducial. The US machine had a software interface that records B-mode images (Stol-

ka et. al, 2010). The image depth was set to 7 cm; the focus was adjusted at each data 

collection to get the best image. Frequency was set to 5 MHz, and US images were stored 

at a rate of 17 Hz. The US machine was in B-mode Harmonic Resolution mode, and the 

TCG was set to a low value. The AE point in the US image was segmented manually. 

2.2.3 Robot-Side US Calibration Setup 

In robot-side US calibration, the goal is to find 𝑋2, the transformation matrix be-

tween camera and robotic probe image coordinate frames. In this case, the camera and 

US image are the moving frames. Hence, as shown in Figure 2.10, a set of markers were 

fixed on the experiment’s table and the end-effector (with robotic probe and camera in-

stalled) was moved to different positions and orientations with respect to the AE fiducial. 

The multi-facet registration was done using MicronTracker’s software tool to create one 

unique coordinate frame for all the markers (which served as the fixed frame). The mark-

ers were distributed on the table carefully such that at least one marker was seen at each 

camera position. To avoid fast variation of readings from tracker, its jitter filter was acti-

vated. However, it should be noted that because of using a multi-facet marker, the accu-

racy of the tracker’s reading is degraded.  
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Figure 2.10. Robot-side US calibration setup. 

At each pose, the 3-D position of the marker with respect to the camera coordinate 

frame was read by MicronTracker while the 2-D positions of the fiducial were extracted 

from US images. The US machine settings were as described for freehand US calibration.  

2.2.4 Hand-Eye Calibration Setup 

Similar to robot-side US calibration, a multi-facet marker was fixed on the table, but this 

time it served as a point fiducial. The goal of this calibration was to find X3, the 

transformation between camera and robot tooltip coordinate frames. Hence, camera and 

robot tooltip were the moving frames. The end-effector with the camera installed was 

attached to the robotic arm. The robotic arm was moved to different positions and angles 

and at each pose, the marker could be seen by the camera as shown in Figure 2.11.  
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Figure 2.11. Hand-eye calibration: the robot tooltip together with the camera was moved so that the camera 

can see the marker from different positions and orientations. Marker origin is the point fiducial here and the 

robot base is the fixed frame. 

At each pose, the hand-eye calibration data set includes: 1) transformation matrix 

from robot base to the robot tooltip and 2) translation vector from camera to the marker 

origin. The robot control panel was used to read the robot tooltip coordinate in the robot 

base coordinate frames. It should be noted that the default UR5 display uses axis angle 

representation, which requires conversion to transformation matrix. The direction of the 

three angles’ vector (rotation vector) shown on the display determines the unit vector di-

rection, ê , and its magnitude determines the magnitude of the angle about the unit vector, 

 ; i.e., ee ˆ  where e  is the rotation vector. 

2.2.5 US Calibrations’ Repeatability 

In this section, the calculations done to retrieve calibration matrices are explained. 

From all the collected data sets (each set contains one 4x4 transformation matrix, 𝐵𝑖, and 

one translation vector, 𝑝𝑖), some are used to calculate the calibration matrix, and the rest 

should be put aside for evaluation. In addition, due to the presence of outliers, the trans-

formation matrix found might not be the most accurate one possible. Outliers can come 
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from different sources of error such as a decrease in tracker’s accuracy for markers at far 

distances, pose reading fluctuations due to multi-facet markers, and error in point manual 

segmentation in US images. Since the number of data sets collected was chosen to be 

fairly large (about 60 for US calibrations and about 40 for hand-eye calibration), it was 

possible to remove some as outliers. The following evaluation algorithm is proposed to 

enable outlier removal, make sure that the calibration matrices are calculated as precisely 

as possible, and to allow for fair reconstruction precision evaluation. 

The proposed algorithm is shown as a flowchart in Figure 2.12. The first step in this 

algorithm is to determine which sets should be chosen for calculation of calibration 

matrix (called calibration sets), and which sets should be selected for reconstruction 

precision evaluation (called evaluation sets). It is not possible to try all the possible cases, 

as the number of possible combinations is large (in the order of 1013 for selecting 45 

calibrations sets from total of 60 data sets: C(60,45) = 5.32 × 1013).  

 

Figure 2.12. Calibration and evaluation algorithm to enable outlier removal and achieve the best possible 

precision. 𝑁 is total number of sets and 𝑀 is the number of calibration sets; 𝑁0 is the number of sets elimi-

nated as outlier. 

To overcome this issue, we selected 3000 combinations randomly for which the re-

construction precision was calculated. Next, 100 best were picked from the 3000 tested 

cases. To enable fair evaluation in a reasonable time, 20 most diverse combinations were 
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picked from this refined 100 combinations (Diversity is measured as having least number 

of intersecting data sets). At this stage, the candidate outlier data sets were removed from 

the calibration sets which are those that have either a tracker reading outlier or a manual 

segmentation outlier. The tracker reading outliers were determined as those that have the 

highest standard deviation in their 20 readings for each pose. The candidate manual seg-

mentation outliers were determined beforehand by two independent users flagging those 

images that were not easy to segment. Finally, the reconstruction precision was measured 

before and after outlier removal by averaging over the 20 most diverse sets. 

This algorithm was used to calculate and evaluate the calibrations. Figure 2.13 

shows the reconstruction precisions for the 20 most diverse sets for the hand-eye calibra-

tion before and after outlier removal. It can be seen that there is a range of reconstruction 

precisions from 1.6 mm to around 2.7 mm, showing that it is not reliable to calculate pre-

cision based on one selection of calibration and evaluation sets. In addition, outlier re-

moval in most cases has improved the reconstruction precision.  

 

Figure 2.13. Reconstruction precision in units of millimeters of the 20 most diverse sets for hand-eye cali-

bration before (bor) and after outlier removal (aor).  
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Table 2.1 shows the final evaluation output of the algorithm. Freehand US 

calibration has less reconstruction precision than the robot-side one, which is probably 

because during data collection, the US image thickness was parallel to the Z axis of the 

camera meaning the accuracy of the collected data is worse. It should be noted that the 

current configuration enforces such a setup for the calibration of the freehand probe.  

Table 2.1. Calibrations evaluation results based on Figure 2.12. bor: before outlier removal; aor: after outli-

er removal. The X, Y, and Z columns show the reconstruction precisions along X, Y, and Z axes respec-

tively; norm column shows the norm reconstruction precision along all the three axes. 

 
Calibration 

sets # 

Evaluation  

sets # 
Norm (mm) X (mm) Y (mm) Z (mm) 

Freehand US bor 45 12 4.30 1.20 0.97 3.99 

Freehand US aor 45 (36)* 12 4.12 1.17 0.99 3.80 

Robot-side US bor 44 12 1.79 0.69 1.25 1.05 

Robot-side US aor 44 (35) 12 1.73 0.67 1.21 0.99 

Hand-eye bor 28 10 2.52 1.50 1.54 1.23 

Hand-eye aor 28 (23) 10 2.23 1.31 1.43 1.02 

 * The number in parenthesis refers to the number of sets after outlier removal step 

2.2.6 Calibrations’ Calculation and Evaluation 

To further evaluate the US calibrations, the following process was used. With the 

obtained calibration matrix, the positions of the US image four corners in the other coor-

dinate frame involved in the calibration (for the freehand US calibration, the marker co-

ordinate frame, and for the robot-side US calibration, the tracker’s coordinate frame) 

were calculated for each collected pose. Then the standard deviation was taken to meas-

ure the repeatability of the reconstructed US images. In addition, this procedure was per-

formed for both calibration matrices found before and after outlier removal. 

The four corner points considered in the US image coordinate frame were as fol-

lows: A=(0,0,0), B=(0,70,0), C=(60,70,0), D=(60,0,0) in mm. These points were consid-

ered because 60 mm probes were used and the depth was set to 70 mm. Table 2.2 shows 

the results of the US image repeatability evaluation. 
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Table 2.2. US calibrations’ repeatability evaluation results. The standard deviation of the US images’ four 

corners were calculated for the collected poses; bor: before outlier removal; aor: after outlier removal. 

 Corner A (mm) Corner B (mm) Corner C (mm) Corner D (mm) 

Freehand US bor 2.93 3.37 3.28 2.99 

Freehand US aor 2.79 2.94 2.86 2.98 

Robot-side US bor 1.22 1.93 1.72 1.47 

Robot-side US aor 1.07 2.00 1.66 1.40 

2.3 Overall System Alignment Evaluation 

In the previous section, the individual calibration evaluations were provided. How-

ever, after all the system components are put together, one is interested in measuring how 

well the overall system is able to align the two US images. Hence, in addition to the indi-

vidual evaluations, the overall system was evaluated through a repeatability experiment 

explained in this section.  

The freehand US probe was fixed using a passive arm. The robot-side US probe 

was initialized at a position using the robotic arm; through running the software interfac-

es, the robot was asked to align the robot-side probe with the freehand one. This proce-

dure was repeated 15 times from the same initial position (called a stationary repeatabil-

ity experiment), and then from a slightly different random initial position (called a dy-

namic repeatability experiment).  

The data was collected after the robot performed the alignment. Each data set in-

cludes the transformation from robot base to robot tooltip frames, and the transformation 

from tracker to freehand probe marker frames (𝑃𝑜𝑠𝑒2 and 𝐹𝐻𝑃𝑜𝑠𝑒2 as shown in Figure 

2.5, respectively). The repeatability was measured as the standard deviation of the robot-

side US image four corners reconstructed in the robot base coordinate frame as 

𝑃𝑐𝑜𝑟𝑛𝑒𝑟 = 𝑃𝑜𝑠𝑒2𝑋3𝑋2𝑝𝑐𝑜𝑟𝑛𝑒𝑟,  

where 𝑃𝑐𝑜𝑟𝑛𝑒𝑟 and 𝑝𝑐𝑜𝑟𝑛𝑒𝑟 are the robot-side US image corner positions in robot base and 

robot-side US image coordinate frames respectively. The image corners were defined as 
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explained previously. The average angle between the planes is also calculated by 

averaging the absolute angle between the first image plane and all others for the line 

connecting corner points A and B.  In addition, to allow for possible outliers, 2 data sets 

that produce points at far ends of the corner A point clouds, in robot base coordinates 

system, were removed. Table 2.3 shows the results of the overall system repeatability 

experiments with cylinder diameter, 𝐷=190 mm.  

Table 2.3. Overall system repeatability experiments’ results. The standard deviation of the robot-side US 

images’ four corners are calculated in the robot base frame; the average angle between the first robot-side 

US image plane and all others is also shown; aor: after outlier removal; bor: before outlier removal. 

 Corner A (mm) Corner B (mm) Corner C (mm) Corner D (mm) Angle(deg) 

Stationary – bor 8.66 8.07 7.06 7.73 1.23 

Stationary – aor 7.42 6.91 6.05 6.62 1.22 

Dynamic – bor 6.89 6.68 5.85 6.08 0.92 

Dynamic – aor 5.89 5.71 5.06 5.26 0.88 

 

Figure 2.14 shows a sample alignment of the two probes when the parameter D, 

was set to 20 mm while Figure 2.15 shows all the alignments for the dynamic repeatabil-

ity experiment visualized in Matlab. The freehand US image was calculated using the 

first collected data set as: 

𝑃𝑐𝑜𝑟𝑛𝑒𝑟
′ = 𝑃𝑜𝑠𝑒2𝑋3𝐹𝐻𝑃𝑜𝑠𝑒2𝑋1𝑝𝑐𝑜𝑟𝑛𝑒𝑟

′ ,  

where 𝑃𝑐𝑜𝑟𝑛𝑒𝑟
′  and 𝑝𝑐𝑜𝑟𝑛𝑒𝑟

′  are the freehand US image corner positions in robot base and 

freehand US image coordinate frames respectively.  

 
 (a)  Lateral view (b)  Top view 

Figure 2.14. Dynamic experiment alignment from two different viewing angles (D=20mm). 



 42 

 

Figure 2.15. Dynamic experiment alignment visualization in Matlab from three different viewing angles 

(D=190mm). Red rectangle depicts the US image plane of the freehand probe while the blue rectangles 

show the robot-side ones. 

Video 1 demonstrates how the robot follows the freehand probe motion in a lab ex-

periment. 

 

Video 1 Robot-assisted US tomography built prototype (D=190mm) (the video is available as a supple-

mental file in the same JScholarship item as the dissertation). 

2.4 Discussions and Conclusions 

US tomographic images have been shown to be helpful in cancer diagnosis. How-

ever, previous work has been focused solely on breast tissue due to limitation of arrang-

ing US elements around other organs. It is worth noting that, to collect US data from the-

body, either US elements should be in contact with the body or a coupling medium 

(mostly water) should be used around the region of interest. For most anatomies (other 

than breast), it is difficult to submerge the region of interest inside the water. However, 

given this robotic setup, arbitrary shape and sizes can be scanned while maintaining con-
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tact with the body. Hence, the operator can easily scan the patient similar to traditional 

scan while viewing the B-mode image, and get a tomographic image whenever necessary 

to characterize lesions based on their acoustic properties (such as SOS and attenuation).  

The key point is to have the US elements at two sides of the region of interest with 

their relative position accurately known to be able to reconstruct a tomographic image. 

Hence, misalignment will affect the reconstruction. This prototype provides an estimation 

of the errors we should expect in alignment. The freehand US, robot-side US, and hand-

eye calibrations were shown to have reconstruction precisions of 4.12, 1.73, and 2.23 mm 

respectively (as reported in Table 2.1). In addition, the overall evaluation of the system 

shows 5-9 mm alignment repeatability (See Table 2.3). The error sources are calibration 

inaccuracy and low accuracy of Microntracker. The accuracy of Microntracker is not as 

good as other optical trackers (0.25 mm vs. 0.1 mm for Optotrak for example), and its 

accuracy degrades as the distance from the marker gets larger. Another source of error in 

our system was the necessity to use multiple large markers at long distances. Registering 

multiple markers as one marker also degrades the accuracy.  

Additionally, in the literature, usually the accuracy of individual calibrations is re-

ported while the chain of matrix multiplications to align the two probes creates larger 

errors, which was shown in Table 2.3. These errors could be improved by employing a 

more accurate tracking system. The advantages of using an optical tracker include 

providing photographic images of the environment and the scanned area as well as avoid-

ing magnetic interference. However, especially in areas where the line of sight cannot be 

maintained using an optical tracker, another robotic arm can be used to operate the free-
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hand US probe in cooperative mode with the operator; this setup will be explained in the 

next chapter. 

As an extension to the proposed robot assisted US tomography system, force sen-

sors can be added at the robot side to maintain contact during the scan. Other shapes for 

the scanned region can be adapted by similar configuration studies and using force sen-

sors which will be further explained in Chapter 4. The provided prototype, with some 

modifications, can also be used for enabling deep/fast US scanning, or reconstructing 3-D 

US images.  
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Chapter 3     Dual Robotic Arm Setup and Error Analysis 

3.1 Introduction 

In Chapter 2, we discussed a freehand-robot setup for tomographic US imaging us-

ing two conventional US probes; one operated by the sonographer as freehand and the 

other one moved by a robotic arm such that the two probes remain aligned.  

In this chapter, we propose a new system setup for robot assistance in US tomo-

graphic imaging: dual robotic arm setup. Compared to our previous setup, the dual arm 

system does not require line of sight for tracking, it has the potential to be used as a fully 

autonomous robotic system or in a cooperative mode, and provides the operator with the 

option to fix the cooperative probe for tomographic imaging after the area of interest is 

found. 

In the dual robotic arm setup, one of the robotic arms is controlled by the sonog-

rapher while the other robotic arm aligns the second US probe automatically. To enable 

such alignment, accurate calibrations between the two probes should be performed be-

forehand. Once the two probes are aligned, the US waves can be transmitted by one 

probe and received by the second one to allow for tomographic image reconstruction.  

When reconstructing the tomographic image, it is important to have accurate rela-

tive location between the transmitter and receiver; otherwise the reconstructed image will 

be affected. Hence, it is important to quantify the expected alignment errors. In this chap-

ter, we provide an analysis of how the tracking error propagates through the whole sys-

tem to determine the expected range of translational and rotational errors.  

In addition to US tomography, the robot assisted US imaging system (both the 

freehand-robot and dual arm setups) can be used for other applications to enable fast or 
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simultaneous US scans. One application is scanning of the lower extremities. Legs’ vas-

cular examination is one of the most physically demanding US procedures done by so-

nographers/experts. These scans usually take a long time, are physically challenging for 

the clinical personnel, and time consuming for the patient. The co-robotic US setup with 

two US probes can help the expert in such exams. The expert scans one leg using one of 

the probes, and simultaneously, the robotic arm scans the mirror location on the other leg. 

This will reduce the scan time, the burden on the expert, and additionally, will provide 

US images of the morphologically similar locations of the two legs in real-time. In this 

chapter, we also expand upon the dual arm setup toward the development of a mirror im-

aging system for legs’ vascular examination. 

This chapter has partly (the dual arm setup for US tomography and error analysis) 

been published in Aalamifar, et al., 2015a. I have collaborated with Alexis Cheng, 

Haichong K. Zhang, Xiaoyu Guo, Rishabh Khurana, Iulian Iordachita, Rodolfo Finocchi, 

Lei Chen, and Bo Meng to accomplish the work written in this chapter. Alexis Cheng 

contributed to the US calibrations code and was involved in data collections; Xiaoyu Guo 

provided the AE setup; Haichong K. Zhang provided the point cloud to point cloud regis-

tration code and was involved in error analysis; Rishabh Khurana and Iulian Iordachita 

led the design and manufacturing of the robots’ cart; Rodolfo Finocchi produced the mir-

ror setup error analysis results; Lei Chen was involved in mirror setup implementation, 

evaluated the Kinect to UR5 calibration and contributed to the GUI; Bo Meng imple-

mented the Kinect interface for Kinect image collection and mirror registration. I have 

been the lead for the overall implementation of the dual arm setup and performed the ro-

bot setup development and programming, calibrations’ data collection, processing, and 
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evaluation, GUI implementation, probe holders’ design and manufacturing, the holders’ 

point cloud production, alignment formulation, and error analysis. 

3.2 System Overview 

The dual arm system setup, shown in Figure 3.1, consists of two robotic arms, and 

two US probes. Either of the arms can be controlled by the technician while the other one 

automatically moves to the right position. To calculate the desired pose of the second 

arm, three calibrations are required: 𝑋1 and 𝑋2 are the transformation matrices from robot 

tooltips to US image space and hence are called US calibrations; and 𝑋3 is the transfor-

mation between the two robotic arm bases. In this section, we explain the system compo-

nents, and the procedure of calibrations. 

3.2.1 Robotic arms 

We used two UR5 robotic arms. Since UR5 is a lightweight robotic arm (18.4 kg), 

both arms can be mounted on a portable cart. We have designed and manufactured a 

portable dual arm cart, as shown in Figure 3.1, where the two robotic arms can be in-

stalled. There is a space on the lower part of the cart to put the robot controllers. 
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Figure 3.1. Dual robotic arm system setup for calibrations. Left: Probe holders and the designed markers to 

maintain attachment’s repeatability. Right: System components. 

3.2.2 US probes 

Two identical 60 mm 128 array linear Ultrasonix US probes, together with the So-

nix Touch US machine, were used. We designed and manufactured US probe holders that 

enable the attachment of the US probe to the robot tooltip. Figure 3.1 shows the designed 

holder from different views. The holders were 3D printed using ABS material. It should 

be noted that, detaching and attaching the probe holders in a different orientation invali-

dates the calibrations. Hence, the probe holders have markers to make the attachment 

procedure as reproducible as possible. However, even loosening the holders’ screws may 

easily degrade the calibration accuracies in a millimeter range. It should be noted that 

starting with this chapter, the US image coordinate frame is defined slightly differently 

than in Chapter 2 and is as shown in Figure 3.2 (a). 

3.2.3 US calibrations 
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To find 𝑋1 and 𝑋2, we used an AE US calibration (the AE circuitry is shown in 

Figure 3.1). To have an accurate US calibration, we always need to ensure AE is in the 

US image mid-plane. Hence, we moved the robotic arm to various poses, and at each 

pose, stored two readings: 1. Robot tooltip frame position and orientation in robot base 

frame. 2. 2-D location of the AE in US image frame. 

We collected 28 data points for each arm and used the gradient descent algorithm, 

as described in the previous chapter, to solve for 𝑋1 and 𝑋2. To evaluate the calibrations, 

for each arm, we collected another data set, called test set, containing 9 data points. We 

consider the standard deviation of the reconstructed test points in robot base frame as a 

representation of the calibrations’ precision. The calculated reconstruction precisions are 

[1.47, 0.51, 0.22] and [1.66, 0.69, 0.91] mm for the left and right arms respectively. 

3.2.4 Calibration of robot bases 

We used the calculated 𝑋1 and 𝑋2 to calibrate the robot bases, i.e., find 𝑋3. We 

moved the AE point to 15 different poses (not in a line), and at each pose, aligned the US 

images using the two arms (one by one) with the AE, and collected data. These points can 

then be reconstructed in the two robot bases (using 𝑃𝑗
𝑖 = 𝐵𝑗

𝑖𝑋𝑗𝑝𝑗
𝑖 , 𝑗 = {1,2}, 𝑖 = {1: 15} 

where 𝑃𝑗
𝑖  is point 𝑖 defined in robot base 𝑗, 𝐵𝑗

𝑖 is the 𝑖th pose of 𝑗th robot tooltip in its 

base coordinate frame, and 𝑝𝑗
𝑖  is the 𝑖th location of AE in 𝑗th US image). Hence, we have 

15 points defined in the two coordinate frames. We used point cloud to point cloud regis-

tration (with known correspondences) to solve for 𝑋3. We also collected a test set to 

evaluate the calibration precision. We fixed the AE at 5 different poses, then scanned it 

using the two arms, but this time, reconstructed the points in the first robot base (𝑃1
𝑘 =

𝐵1
𝑘𝑋1𝑝1

𝑘, 𝑃2
𝑘 = 𝑋3𝐵2

𝑘𝑋2𝑝2
𝑘  , 𝑘 = {1: 5}). The mean distance between the reconstructed 
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points was considered as a representation of precision and was calculated as [3.30, 0.58, 

1.67] mm. 

3.3 Dual robotic arm alignment for US tomography  

As mentioned before, one of the robotic arms will be controlled by the technician. 

To calculate the desired pose of the other arm, such that the two probes are aligned for 

tomographic imaging data collection, the following equation can be used (Figure 3.2(b)): 

𝐵2
′ = 𝑋3

−1𝐵1𝑋1𝐷𝑋2
−1  

where 𝐵2
′  is the desired pose for the second arm, 𝐵1 is the first arm’s pose, and 𝐷 is 

the desired transformation from first US probe image frame to the second. 

 

 
 

 

(a) 

 
 

(b) 
Figure 3.2. (a) US image coordinate frame definition; (b) Transformations involved in calculating the de-

sired second arm pose such that the two US probes are aligned. 

𝐵1 and 𝐵2 can be read from robot encoders; and, 𝑋1, 𝑋2, and 𝑋3 are determined 

through calibrations. 

3.3.1 Alignment User Interface 

We developed a graphical user interface in Matlab, to control the arms and enable 

automatic alignment. Figure 3.3 shows a screenshot of the designed user interface. Figure 
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3.4 also shows a sample screenshot of the aligned probes. The user interface consists of 

several sections: 

Connections: this part establishes an Ethernet connection between the user inter-

face and robot control panel. A script on the robot control panel is written which can cre-

ate a TCP/IP connection; send robot poses when requested; receive robot poses, and 

move the tooltip to the desired robot pose. The input to this section is the two controllers’ 

IP addresses. 

Cooperating arm: in this part, the user can determine which arm he/she wants to 

control. The other arm will automatically align the two probes if the Align box is 

checked.  

UR5 Control Panel: this section of the interface simulates the UR5 control panel. 

The user can control the cooperating arm in all the six DOF, and in US image axes, using 

the buttons in this section. 

After the movement is completed, the control/display area on the right side of the 

interface can be used to save robot poses and display the transformation between the US 

images’ frames.  
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Figure 3.3. A screenshot of the alignment 

user interface. 

Figure 3.4. A sample screenshot of the aligned US probes.  

3.3.2 Error analysis 

In this section, we investigate the effect of tracking inaccuracies in the overall 

alignment. In other words, we are interested in analyzing the resulting error in the trans-

formation matrix, 𝐷, between the two US image frames. Inferred from Figure 3.2(b), 𝐷 

can be calculated using the following equation: 

𝐷 = 𝑋1
−1𝐵1

−1𝑋3𝐵2𝑋2 (3.1) 

The above equation holds when all the matrices are accurate. Considering inaccura-

cies, we have the following equation: 

𝐷Δ𝐷 = Δ𝑋1
−1𝑋1

−1Δ𝐵1
−1𝐵1

−1𝑋3Δ𝑋3𝐵2Δ𝐵2𝑋2Δ𝑋2  

where Δ𝐷 is the measurement error in 𝐷; similarly other matrices have their own errors. 

By taking 𝐷 to the right side we have the following equation: 

Δ𝐷 = 𝐷−1Δ𝑋1
−1𝑋1

−1Δ𝐵1
−1𝐵1

−1𝑋3Δ𝑋3𝐵2Δ𝐵2𝑋2Δ𝑋2 (3.2) 

 Using the above equation, we can estimate Δ𝐷 by taking the following steps: 
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1. Define errors for robots using typical values (maximum of 1-degree rota-

tional error and 0.1 mm translational error). 

2. Define calibration matrices using the experimental value found through cal-

ibrations: 𝑋1, 𝑋2, and 𝑋3. 

3. Define a range of error for calibrations. 

4. Create 𝑁 random matrices for Δ𝑋1, Δ𝑋2 and Δ𝑋3 using the ranges defined. 

5. For each set of matrices created in step 4, create 𝑁 random matrices for 

Δ𝐵1, Δ𝐵2, 𝐷, 𝐵1, and 𝐵3 , leading to 𝑁2  set of random matrices. For error 

matrices pick random values from ranges found in step 1. 

6. For each set, calculate 𝐵2 using equation (3.1) and then Δ𝐷 using equation 

(3.2). 

7. For each set, calculate the translational error as the norm(Δ𝐷).  

8. For each set, calculate the rotational error by converting the rotational part 

of Δ𝐷 into axis-angle representation and taking the rotation angle. 

Here, we make the assumption that the desired 𝐷 matrix is a rotation of 180 de-

grees about x-axis and a translation along z-axis. This is done because ideally we want 

the two probes to be aligned in front of each other, i.e., the second probe’s frame origin to 

be rotated 180 degrees about the first probe frame’s x-axis; and have an offset along the 

first probe frame’s z-axis. We chose this translation randomly from the interval [0,150] 

mm. We used the calibration matrices found for the dual arm setup and defined a random 

transformation matrix from first robot base to its tooltip, 𝐵1. Then we calculated 𝐵2 using 

equation (3.1). To define a random transformation matrix, we randomly selected two unit 

vectors from 𝑅3, each by selecting three random numbers from standard normal distribu-
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tion. These vectors are then normalized to 1 and provide the translation and rotation di-

rections. Figure 3.5 shows a visualization of many unit vectors created randomly using 

this method. The rotational angle and the magnitude of translation in the random trans-

formation matrices are also randomly selected from a normal distribution. 

 

Figure 3.5. Visualization of end point of random vectors sampled from 𝑅3 with their starting point at 

origin. 

Having the direction and angle magnitude, the rotation part of the transformation 

matrices can be calculated using the Rodrigues rotation formula. Based on this formula, 

every rigid-body rotation can be defined by a unit vector, 𝜔, as the axis of rotation, and a 

magnitude of rotation angle, 𝜃: 

𝑅 = 𝑒𝜃�̂� = 𝐼 + sin(𝜃) �̂� + (1 − cos(𝜃))�̂�2  

where �̂� is the skew-symmetric matrix made from 𝜔: 

�̂� = [
0 −𝜔3 𝜔2

𝜔3 0 −𝜔1

−𝜔2 𝜔1 0
]. 

For error matrices, since 𝜃 is a small value, the above formula can be written as: 

𝑅 ≈ 𝐼 + θ�̂�  

Since the inaccuracy is not always at its maximum for the robot transformations, at 

each time, we picked the current rotation and translation magnitudes from zero to maxi-

mum error randomly. However, the calibration matrices have a constant error and hence 
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their error matrices were defined using a constant magnitude of translational and angular 

error. It should be noted that the translational error is the norm of the errors in the three 

axes. The axes of rotational and translational errors were also picked randomly. Now, all 

the matrices in the right hand side of equation (3.2) are defined or randomly selected, 

hence, Δ𝐷 can be calculated. We repeated this process 20 times for each error value for 

the calibration matrices’ errors (we assumed same error for all the three calibrations), 20 

randomly selected other matrices, and got the average of the resulting translational and 

rotational errors derived from Δ𝐷. Figure 3.6 shows the results. 

 

(a) 

 

(b) 

Figure 3.6. Error in the transformation between the probes as a function of calibrations’ error (translation 

error, b, and rotation error, beta). (a) translational error (mm). (b) rotational error (degrees). 

Focusing on the translation error, we can examine the error in each individual axis. 

Figure 3.7 shows the decomposed translational error in the three axes; the axes are de-

fined as shown in Figure 3.2(a). 
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Figure 3.7. The translational error of the transformation between the two US image coordinate frames in 

individual axes; The axes are shown in Figure 3.2 (a). 

The amount of error is similar among the three axes (the axial error seems to be less 

than the other two axes). It is not easy to determine the error from the calibrations’ calcu-

lated reconstruction precisions in the experimental setup; however, we can expect a trans-

lational error of less than 4 mm; assuming the rotational error is less than 0.5 degrees, the 

expected error in each axis will be around 3 mm. 

This study can also yield more insight about which error components are more sig-

nificantly affecting the overall alignment error. This can determine how different parts of 

the setup can be modified to reduce the error. For example, based on this study and as 

shown in Figure 3.8, the rotational error in 𝑋3 has the highest impact on the overall trans-

lation error and the error in 𝑋1 is the most determining factor in the overall rotational er-

ror. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.8. The resulting overall alignment error as a function of calibrations’ error when (a) robots have no 

error; (b) 𝑋3 has no error; (c) 𝑋2 has no error; (d) 𝑋1 has no error. In all figures, the left side shows the 

translational error in mm while the right side shows the rotational error in degrees. 

Based on the above results, it could be hypothesized that the reason that rotational 

error of 𝑋3 is the most important factor is the length of the vector that connects the robot 

base coordinate system origin to the image origin. Since it is the longer link, the rotation-

al error more significantly affects the final alignment. An observation that can give more 

insight about this hypothesis is that, the length of the robotic arm affects the overall error. 

In Figure 3.6, 𝐵1 had less length than 𝐵2; however, when 𝐵2 has less length than 𝐵1, the 

overall translational error becomes less as shown in Figure 3.9 (a). The only component 

that can be modified in the design of the system to reduce the overall length is the probe 

holder’s length. However, based on Figure 3.9(b), these lengths are already small, and 

minimizing them did not create a noticeable reduction in the overall error. 
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(a) 

 

(b) 

Figure 3.9. The resulting overall alignment error as a function of calibrations’ error when (a) 𝐵2 has less 

length than 𝐵1; (b) 𝑋1 and 𝑋2 have less length than the current experimental values. the results are very 

similar to when using experimental values of 𝑋1 and 𝑋2 because these two matrices already have a relative-

ly small length. 

So far, we have investigated the error from the right probe to the left probe. Addi-

tionally, we can look at the error equation using similar methods but considering the error 

from the left probe to the right one: 

Δ𝐷 = 𝐷−1Δ𝑋2
−1𝑋2

−1Δ𝐵2
−1𝐵2

−1Δ𝑋3
−1𝑋3

−1𝐵1Δ𝐵1𝑋1Δ𝑋1 (3.3) 

This analysis yielded the errors shown in Figure 3.10. Similar results were obtained 

as expected for the translational error; however, the rotational error seems higher than the 
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one from the left to the right probe. Possible reasons could be the lengths that result from 

the equation (3.3) are different from those resulted from equation (3.2). 

  

Figure 3.10. The resulting overall alignment error as a function of calibrations’ error using equation (3.3). 

3.4 Dual robotic arm setup for mirror imaging 

As mentioned before, legs’ vascular examination is one of the most challenging US 

procedures done by sonographers/experts. The co-robotic US setup with two US probes, 

can help the expert in such exams. The mirror US imaging system has one extra compo-

nent, a vision system, that enables the appropriate localization of an equivalent position 

in the second leg with respect to the expert-placed probe on the first leg. We added a Ki-

nect to the setup which gets point clouds of the two legs and calculates a “mirror matrix”, 

Tmir, that transforms one leg’s point cloud to the other. This transformation can be used to 

determine the appropriate location of the second probe. We also need to find the trans-

formation between Kinect and the robot bases, X4 through another calibration procedure 

called Kinect to UR5 calibration. 

3.4.1 Mirror matrix 
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A mirror matrix is a 4x4 homogenous transformation matrix that represents a mir-

ror transformation with respect to an arbitrary plane. If the plane crosses the origin, based 

on Householder reflector (Householder 1958), the mirror matrix is as below: 

𝑇0 = [

1 − 2𝑎2 −2𝑎𝑏 −2𝑎𝑐 0
−2𝑎𝑏 1 − 2𝑏2 −2𝑏𝑐 0
−2𝑎𝑐 −2𝑏𝑐 1 − 2𝑐2 0

0 0 0 1

] 

where [𝑎, 𝑏, 𝑐] is the unit vector normal to the plane. If the mirror plane does not cross the 

origin and has an offset 𝑑  along direction [𝑎, 𝑏, 𝑐]  (i.e. 𝑎𝑥 + 𝑏𝑦 + 𝑐𝑧 + 𝑑 = 0  plane 

where [𝑎, 𝑏, 𝑐] is a unit vector), then we can find the 4x4 mirror matrix in 3 steps: 

 Translate the point cloud with amount 𝑑 in direction [𝑎, 𝑏, 𝑐]. (𝑇1) 

 Mirror the point cloud with respect to 𝑎𝑥 + 𝑏𝑦 + 𝑐𝑧 = 0 plane.(𝑇0) 

 Translate the point cloud with amount −𝑑 in direction [𝑎, 𝑏, 𝑐]. (𝑇3) 

Hence the transformation matrix can be found by multiplying the above three ma-

trices: 

𝑇𝑚𝑖𝑟𝑟  =  𝑇3𝑇0𝑇1 (3.4) 

Or in other words: 

𝑇𝑚𝑖𝑟𝑟 = [
𝑅0

0
           𝑅0𝑇𝑟1 − 𝑇𝑟1

1
] 

where 𝑅0 is the rotation part of 𝑇0 above and 𝑇𝑟1 = 𝑑[𝑎 𝑏 𝑐]𝑇. 

Since 𝑇3 is simply translating the point cloud back: 

𝑇3 = 𝑇1
−1 (3.5) 

In addition, reflection is an involution (Wiener and Watkins, 2002); hence: 

𝑇0 = 𝑇0
−1 (3.6) 

Substituting equations (3.5) and (3.6) in equation (3.4) yields: 

𝑇𝑚𝑖𝑟𝑟 = 𝑇𝑚𝑖𝑟𝑟
−1  



 61 

The following summarizes the conclusions of the above arguments: 

1. Every mirror transformation w.r.t. any arbitrary plane can be represented by a 

4x4 homogenous matrix. 

2. This matrix must be involutory; i.e. must be equal to its own inverse. 

3. Assuming legs are a perfect mirror of each other, the mirror matrix from right 

leg to left one, and from left leg to right one, in Kinect, must be equal to each 

other and also to their inverse. 

  

Figure 3.11. Left: RGB image of leg Mannequin in Kinect; right: depth image. The right and left legs are 

segmented to calculate the mirror matrix. 

In order to find the mirror matrix experimentally, we segmented the (mannequin 

shown in Figure 3.11) legs’ point clouds in Kinect. Then, the following steps were im-

plemented to compute the mirror matrix from the right leg’s point cloud to the left one: 

1. Translate the right point cloud by the estimated amount of translation between 

the two point clouds (𝑇𝑟1). 

2. Reflect the right point cloud by 𝑇𝑅 (reflection matrix about 𝑥 = 0). 

3. Use ICP to find 𝑇2 that takes the point cloud found in step 2 to the left point 

cloud.  

The first step is to ensure ICP converges quickly. The resulting matrix from the 

above three steps is: 
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𝑇𝑚𝑖𝑟𝑟𝑜𝑟 =  𝑇2 𝑇𝑅 𝑇𝑟1 = [
𝑅2𝑅 𝑅2 𝑅 𝑇𝑟1𝑡 + 𝑇2𝑡

0 1
], 

where 𝑅2 is the rotational part of 𝑇2, and 𝑅 is the rotational part of 𝑇𝑅, 𝑇𝑟1𝑡 is the transla-

tional part of 𝑇𝑟1, and 𝑇2𝑡 is the translational part of 𝑇2.  

3.4.2 Kinect to UR5 calibration 

It is enough to find the transformation matrix from the Kinect to one of the UR5 

arms. The other arm’s coordinate system will be known in the Kinect’s using 𝑋3. To find 

this transformation, one way is to create a cloud of points whose locations can be seen by 

both coordinate frames.  

 

(a) 

Figure 3.12. Probe holder’s side used as the point cloud. 

The transformation matrix between the frames can then be estimated using the iter-

ative closest point (ICP) method. We used one side of the probe holder as the point cloud 

shown in Figure 3.12. The point locations in UR5’s tooltip coordinate frame were ex-

tracted using the CAD model of the holder (the circular end of the probe holder matches 

the UR5 tooltip and hence its center in the CAD file was used as the origin). With the 

probe holder mounted on the UR5’s tooltip, we then segmented that side of the probe in 

the Kinect images. We moved the probe holder to 9 different locations by moving the 

robotic arm and collected: 1) Kinect images; and 2) the transformation matrix from the 

UR5’s base to its tooltip. Figure 3.13 shows the resulting point clouds. As shown in Fig-
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ure 3.13, the ICP algorithm was then used to find the transformation matrix that matches 

these two point clouds. 

 

Figure 3.13. Top left: probe holder side’s point clouds in robot base (blue) and Kinect (red) coordinate 

frames. Top right: The two point clouds after transforming the blue points using the calculated transfor-

mation matrix by ICP. Bottom: ICP error versus number of iterations. It converges to a rather small error 

after about 10 iterations. 

3.4.3 Robot positioning for mirror application 

Using the calibration matrices, and based on the transformations’ loop shown in 

Figure 3.14(a), the following equations can be used to find the second robot pose, B2, 

yielding the desired robot-side probe location. 

𝐾2 = 𝑇𝑚𝑖𝑟𝑋4
−1𝐵1𝑋1 (3.7) 𝐾2(1: 3, 2) = −𝐾2(1: 3, 2) (3.8) 

𝐵2 = 𝑋3𝑋4𝐾2𝑋2
−1 (3.9) 
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where all the variables above represent a 4x4 homogenous transformation matrix. It 

should be noted that Tmir is in Kinect coordinate frame, while other transformations are in 

their current coordinate frame. Since, Tmir is a mirror matrix, when multiplied by the 

right-hand frame K1, it produces a left-hand frame. To make K2 a right-hand frame, we 

use equation (3.8). That means in order to make the calculated second probe coordinate 

frame right-handed, its Y-axis (elevational direction) needs to be rotated about its X-axis 

by 180 degrees. Since the two probes are identical, this is a solution to the problem that, 

in the real world, we cannot create a mirrored version of an object by just moving or ro-

tating it. This operation makes the y-axes (elevational axes) of the two probes to be the 

negative-mirror of each other (not just mirror).  

We have implemented this control loop on the two robotic arms and developed a 

Matlab GUI (Figure 3.14(b)) that enables both operations of the two arms in tomography 

and mirror modes.  

 

(a) 

 

(b) 

Figure 3.14. (a) Mirror US scanning setup and transformations between the coordinate frames. Each arrow 

represents a 4x4 transformation matrix from one coordinate frame to another. (b) GUI for both applications. 

This GUI has an extra drop-down menu that enables the user to select between the two tomography and 

mirror modes. In addition, this GUI allows for cooperative control of one of the arms using a 6-axis force 

sensor, which will be explained in Chapter 4. 



 65 

 

3.4.4 Error analysis 

Similar to the tomography setup, an error analysis study was carried out to investi-

gate how the error propagates in the mirror setup. Based on Figure 3.14(a), in an ideal 

situation: 

𝑇𝑚𝑖𝑟 = 𝐾2𝑋1
−1𝐵1

−1𝑋4 

where:  

𝐾2 = 𝑋4
−1𝑋3

−1𝐵2𝑋2,       𝐾2(1: 3,2) =  −𝐾2(1: 3,2) 

Considering errors: 

𝑇𝑚𝑖𝑟Δ𝑇𝑚𝑖𝑟 = K2ΔK2Δ𝑋1
−1𝑋1

−1Δ𝐵1
−1𝐵1

−1𝑋4Δ𝑋4 

where:  

Δ𝐾2 = 𝐾2
−1Δ𝑋4

−1𝑋4
−1Δ𝑋3

−1𝑋3
−1B2Δ𝐵2𝑋2Δ𝑋2 

Hence we can calculate Δ𝑇𝑚𝑖𝑟 as below: 

Δ𝑇𝑚𝑖𝑟 = 𝑇𝑚𝑖𝑟
−1 K2ΔK2Δ𝑋1

−1𝑋1
−1Δ𝐵1

−1𝐵1
−1𝑋4Δ𝑋4 

Similar to the tomography setup error analysis, for 𝑋1, 𝑋2, 𝑋3, and 𝑋4 the experi-

mental values are used. 𝐵1 is created randomly. An important note here is that 𝐵1 needs 

to be recalculated based on the new 𝐾2 to make the calculations correct. Δ𝐵’s are created 

randomly with maximum error magnitude of 0.1 mm and 1 degree. Δ𝑋’s are created us-

ing current angle and translation errors with random axes of error. Figure 3.15 shows the 

results. Due to the higher number of dependencies, the error for mirroring is inherently 

higher than that for tomography (up to 30 mm and 4 degrees compared to 20 mm and 3 

degrees). 
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Figure 3.15. The resulting overall error as a function of calibrations’ error in mirror imaging setup. 

Here again the error in 𝑋3 is one of the important factors. However, it can be in-

ferred from Figure 3.16 that, despite the tomography setup, all the calibration matrices 

have noticeable contribution to the overall error. 
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(a) 

 

(b) 

 

(c) 

Figure 3.16. The resulting overall error as a function of calibrations’ error in mirror imaging setup when (a) 

𝑋1 has no error; (b) 𝑋1 and 𝑋2 have no error; (c) 𝑋1, 𝑋2 and 𝑋3 have no error. 
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3.5 Discussions and future directions 

In this chapter, we discussed a new setup for simultaneous operation of two US 

probes. This setup can be used for US tomography as wells as mirror leg imaging after 

adding a vision component, i.e. Kinect. We provided the calibration procedures and an 

overview of the procedures for finding the mirror transformation matrix for the mirror 

imaging application.  

Using the ICP algorithm for finding the mirror matrix very much depends on the 

quality of the point clouds segmented from the legs. Considering one more piece of in-

formation may lead to improved results. Based on the special property of the mirror ma-

trices being involutory, we can devise the algorithm by repeating the calculation of the 

mirror matrix from right leg to the left one, and then from the left to the right one using 

the one found in the previous stage as the initial matrix. Our initial tests have shown 

promise in some cases; however, further investigations is needed. 

For each setup, we then provided an error propagation study. In the tomography er-

ror analysis, it was found that: 

 Rotational error of 𝑋3 is the dominant factor in overall translational error 

between the probes. If 𝑋3 is ideal, translational errors of 𝑋1 and 𝑋2 become 

the dominant factors; and the effect of the error in the robot was not notice-

able.   

 Overall, to have around 5 mm translational error, none of the calibrations 

should have translation error larger than 4 mm, or rotation error larger than 

0.5 degrees.  
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 Among 𝐵1 and 𝐵2, whichever appears on the farther right of the Δ𝐷 equa-

tion should be smaller. 

 The robot error had a noticeable contribution to the overall rotational error. 

However, the rotational error of 𝑋1 is the dominant factor. 

For the mirror setup, the following summarizes the conclusions from the error 

analysis study: 

 Rotational error of 𝑋1 and 𝑋2 are also dominant factors affecting the overall 

translational error. 

 Similar to the tomography setup, 𝑋3 has a large impact on the translational 

error while 𝑋4 did not have a large impact in comparison with other calibra-

tion matrices. 

 To ensure a maximum 5 mm of error, none of the calibrations should have a 

translational error greater than 2 mm, or rotational error larger than 0.5 de-

grees. 

 The translational error of the Kinect to UR5 calibration is the dominant fac-

tor in overall rotation error; and 𝑋3 also had a large contribution to this. 

The example studies shown here were done using 400 different sets of random ma-

trices for faster simulations. A greater number of iterations can be used in future studies 

to ensure concrete and reliable results. Overall, the mirror imaging setup requires more 

accurate calibrations to achieve the same level of overall accuracy. It should be consid-

ered that, in the real world, the two legs are not a perfect mirror of each other, which may 

contribute to the difficulty of accurate positioning.  
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However, in both mirror imaging and tomography applications, the B-mode image 

and force sensors can be used to achieve appropriate positioning. For example, the robot 

can try an area around the calculated position (within the expected error range) and select 

the position that creates the most similar B-mode image to that of the first probe. In addi-

tion, the axial error can be compensated by ensuring the right amount of force is exerted 

on the patient’s body. We will discuss how force sensing can be added to the dual arm 

setup in the next chapter. In addition, a method of automating the US calibration process 

is proposed that can enable frequent calibrations’ accuracy validation. 
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Chapter 4     Automatic Calibration and Force Sensing 

4.1 Introduction 

Many recent US applications have integrated robotic arms or tracking systems to 

US imaging (examples include Ungi et al. 2012, Brennecke et al. 2014, Monfaredi et al. 

2014, Sauer et al. 2001, Mebarki and Chaumette 2010, Chen et al. 2012). Two compo-

nents of every future robotically operated US probe will be US calibration and force sens-

ing. US calibration is necessary for localizing the 3D position and orientation of the US 

image, or US transmitter/receivers in the robot tooltip, tracked marker, or other coordi-

nate frames (called “moving frame” while the fixed frame, e.g. robot base or tracking 

system, is called “world’s frame”). Force sensors are necessary to enable safe, smooth, 

and convenient interaction between the robot and the human, whether patient or clinician. 

In most tracked or robotic US systems, very accurate (millimeter or sub-millimeter 

range) calibrations are required. However, millimeter range errors can easily happen after 

the calibration due to unwanted bending/deformations, tightening/untightening screws, or 

even environmental changes. These types of accuracy degradation require the user to re-

calibrate frequently. In this chapter, we present a novel method of US calibration that can 

be automatically done by the robot itself using a technology called AE. 

In addition, in the second part of this chapter, we provide implementations of force 

sensing on robot-assisted US imaging systems. These implementations can be combined 

with both setups explained in Chapter 2 and 3, to enable 1) co-operation of the robot with 

a clinician’s hand; 2) automatic US scanning of any surface using the robotic arm; and 3) 

applying a safe contact force to the patient’s body to reduce the musculoskeletal pressure 

on the sonographers’ hand. 
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It should be noted that this chapter has partly been published in Aalamifar, et al., 

2015b and Finocchi, 2016. I have collaborated with Alexis Cheng, Younsu Kim, Xiao 

Hu, Haichong K. Zhang, Xiaoyu Guo, and Rodolfo Finocchi to accomplish the work 

written in this chapter. Alexis Cheng contributed to the US calibrations code; Xiaoyu 

Guo and Younsu Kim provided the AE setup; Haichong K. Zhang and Xiao Hu were in-

volved in data collections and parts of data processing; Rodolfo Finocchi was the lead for 

the force sensor implementation and experiments. I have been the lead for the overall 

implementation of the robot assisted automatic calibration setup development and pro-

gramming, calibrations’ data collection, processing, and evaluation, and GUI implemen-

tation. I was also responsible for initial implementations of the force sensor and mentored 

Rodolfo Finocchi for the rest of the project. 

4.2 Automatic ultrasound calibration 

Several US calibration methods are commonly used in robotic or tracked US appli-

cations (Mercier et al., 2005). Some methods require building a calibration phantom 

(Boctor et al., 2004, Viswanathan et al., 2004, Dandekar et al., 2005, Chen et al., 2008, 

Hsu et al., 2008a, Carbajal et al., 2013, Cheng et al., 2014), while others collect data from 

a point, a stylus or the bottom of a water tank (Prager et al., 1998b, Zhang et al., 2006, 

Hsu et al., 2008b, Melvær et al., 2012). Every US calibration requires collecting data 

from an US machine and another machine such as a tracker or a robot controller. US cal-

ibration methods, from the data collection point of view, can be categorized into two 

types: real-time data collection (also called freehand) and static data collection. A clear 

advantage of real-time data collection is that it easily collects a rich amount of data in a 

short period of time. However, in real-time data collection, the two machines should be 
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temporally calibrated beforehand to determine the correspondence between data sets. 

Temporal calibration adds to the complexity of the calibration procedure, and also can 

itself be a source of error (Boctor et al., 2006, Chen et al., 2009). To avoid temporal cali-

bration, the user can move the probe to the desired position but collect and label data 

when all the components are in a static position. This is called static data collection and is 

generally a time-consuming approach. In addition, in some applications, when a robotic 

arm is involved, it might be difficult for the user to operate the arm by hand to collect 

data in real time. For these reasons, here we focus on static methods. Among the static 

methods, one of the most commonly used is point calibration, in which a single point is 

imaged from different positions and orientations (Mercier et al., 2005). At each pose, the 

location of the point in the US image frame, and also the location of the moving frame in 

the world’s frame are recorded. Then, the rigid transformation between the moving frame 

and the US image frame is calculated. However, at each point, the user needs to make 

sure that the point is in the image mid-plane (Chen et al., 2009, Guo et al., 2014a). 

As mentioned in previous chapters, the AE element is a tiny US element capable of 

transmitting/receiving US signals. If used as a fixed point fiducial, the AE can evaluate 

the signal energy it receives from elements of the US probe and provide feedback on how 

close it is to the image mid-plane. Guo et al. (2014a) previously proposed a static type of 

US calibration using an AE point and showed its superiority over single point cross-wire 

calibration. In this chapter, we close the loop with the robotic arm controller and use the 

feedback from the AE to drive the robotic arm in order to align the AE fiducial with the 

US image mid-plane. In addition, since the AE can localize itself in the US image frame, 

using US TOF information, fully automatic data collection using the robotic arm can be 



 74 

achieved. Furthermore, the robot can automatically pause at each pose for data collection; 

therefore, it is unnecessary to temporally calibrating the machines involved in the spatial 

US calibration. 

In summary, AE calibration does not need temporal calibration and is more accu-

rate than cross-wire point based calibration (Guo et al., 2014a). Additionally, its active 

communication with the US probe can guide a robotic arm for automatic data collection. 

In this section, we provide the materials and methods for preparing the setup, and for data 

processing and calculations. Then, the robot motion planning for data collection is ex-

plained. Next, we compare the results of manual and automatic data collection to validate 

the automated method through extensive experiments. It should be noted that here, we 

use the term “manual” to refer to the use of the robot control panel by a human to collect 

data sets one by one as manual. It might be seen by some as a semi-automatic method 

because the user has the capability to control the arm using buttons and enjoy the stability 

of this type of control. This kind of data collection, although still time consuming and 

tiring, provides a high quality data set, and we show that automating this process does not 

degrade the quality. 

4.2.1 Materials & methods 

In this section, we explain the materials and methods required for US calibration 

data collection and calculation. Finally, the algorithmic framework and developed soft-

ware tools are described. 

AE US element  

In a point-based calibration, ensuring that the point fiducial is in the US image mid-

plane is necessary to achieve an accurate calibration. Guo et al. (2014b) demonstrated an 
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active US pattern injection system (AUSPIS), which solves the mid-plane error problem. 

AUSPIS has a miniaturized US element, AE, which senses the beacon pulse transmitted 

by an US probe. The AE element is made of a customized PZT5H tube with an outer di-

ameter of 2.08mm, an inner diameter of 1.47mm, and a length of 2mm. The electronic 

system includes a transmit/receive switch, an impedance matching circuit, a variable gain 

amplifier, filters, a triggering circuit, an analog to digital converter, a microprocessor and 

a pulser. The measured US signal intensity, by AE, will vary with distance from the US 

mid-plane and hence the maximum intensity can be used to ensure the AE element is in 

the US mid-plane. Guo et al (2014a) also showed that the AE point could be used in the 

same way as a crosswire point for the purposes of US calibration. The main advantages 

that the AE point has when compared to crosswire points is that it can provide feedback 

to allow the AE element to be better positioned in the US mid-plane and that it can be 

automatically localized based on the received beacon pulses.  

The AE circuitry can be connected to the PC using a USB cable; and the signal in-

tensity, and the location of the AE in the US image can be read from the serial port. The 

values provided by the AE system are:  

 ntotal: total number of line triggers in one US frame (usually set to the number of 

elements in the US probe);  

 DLY: the shortest TOF (in samples) from US probe elements to the AE element;  

 ES: the element number with the shortest DLY;  

 TC: total number of counts for which the received signal is higher than the set 

threshold.  

TC is used to determine how close the AE is to the image mid-plane; ideally, this 

variable should be maximized. To automatically localize the AE element position in the 

US image, the axial and lateral distances of the AE from the center element of the US 
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probe are calculated. When using a linear US probe, axial and lateral distances can be 

found using the following equations: 

𝑥 = 𝐿𝑝𝑟𝑜𝑏𝑒

(𝐸𝑆 − (0.5𝑛𝑡𝑜𝑡𝑎𝑙 + 0.5)

𝑛𝑡𝑜𝑡𝑎𝑙
, (4.1) 

𝑧 = 1000 𝐷𝐿𝑌. 𝑓. 𝑆𝑂𝑆, 
(4.2) 

where Lprobe is the US probe’s length, f is the AE receiver sampling frequency, SOS is the 

speed of sound in the medium between the probe and AE, and (x,0,z) is the location of the 

AE in US image frame in millimeters (when defining the image origin at the center top of 

the image, as shown in Figure 4.1(a)). The reason for having the coefficients 0.5 in equa-

tion (4.1) is to set the image frame origin at the center top of the image, i.e. center of the 

center element of the probe. 

4.2.2 Calibration calculations 

In a point-based US calibration, a fiducial point is fixed in the world frame and 

then imaged by the US probe from various positions and orientations. For calibrating the 

robot tooltip to the US image coordinate system, we considered the robot base frame as 

the world frame, then fixed the AE element inside a water tank. During a manual data 

collection, the robotic arm, holding the US probe, is moved to different positions and ori-

entations. At each position, the US image mid-plane needs to be aligned with the AE el-

ement. Then the arm is fixed, and the robot tooltip positions and orientation in the robot 

base as well as the position of the AE in US image, are stored. Because data is collected 

when everything is at a static position, no temporal calibration between the US machine 

and robot controller is needed. After the data collection, similar to US calibrations ex-
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plained in Chapter 3, the gradient descent algorithm (Ackerman et al., 2014) is used to 

calculate the calibration matrix. 

4.2.3 Automatic calibration framework 

Since the AE can communicate with the US probe attached to the robotic arm, the 

whole process of robot movement and alignment with the AE element can be pro-

grammed into the robot controller. This way, the user will be able to perform the US cali-

bration with the press of a button. In this section, we provide the automatic calibration 

setup, robot motion definition, and the software module. 

Automatic calibration setup 

Figure 4.1 shows the necessary components of the automatic calibration setup. We 

used an Ultrasonix Sonixtouch machine, 4 cm (6 cm probe is shown in Figure 4.1 but 4 

cm probe was used for data collections), 128 arrays linear Ultrasonix probe, and the UR5 

6 DOF robotic arm. A 3D printed holder similar to the one explained in Chapter 3 was 

used to rigidly attach the probe to the robot tooltip. 

 

Figure 4.1. Automatic calibration setup. The setup consists of UR5 robotic arm, US machine and probe, 

and the AE element with its driving circuits. The defined US image frame is shown on the left.  
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The AE is synchronized with US probe using the trigger out of the US machine and 

sends data through the serial port. The US machine with the research license has a Win-

dows XP operating system that can be used to run the Matlab software tool we prepared 

for the automatic calibration (explained in next section). This software controls the robot-

ic arm by sending commands to the robot controller via Ethernet connection. Figure 4.2 

shows different modules of the system setup. 

 

Figure 4.2. Different modules of automatic calibration setup and the way they communicate. 

Robot motion’s definition 

Robot motion was defined based on an initial estimation of the X matrix. The rota-

tional part is estimated by asking the user to move the tooltip along the axes of the US 

image, while the translational part is determined by measurements. It should be noted that 

the accuracy of the estimated X matrix only affects the robot motion and not the accuracy 

of the collected data or calibration results.  

The robot workspace was considered as the area available above the water tank. 

First, the user determines three points of the workspace that initialize the motion defini-

tions: 

1. Origin (O): the user is requested to move the robotic arm such that the US probe 

is looking down on one side of the AE (with its center in line with the AE point), 

and the US image is almost perpendicular to the bottom of the water tank. This 

will be the starting point of the robot motion. 
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2. X-axis point (Px): the user is requested to move the robotic arm such that the US 

probe translates along its lateral direction. 

3. Y-axis point (Py): the user is requested to move the robotic arm such that the 

probe translates from origin to a point along the elevational axis of the probe. 

An example set of the above three points is shown in Figure 4.3(a). It should be 

noted that it is enough to define these points roughly as described. These points define the 

rotational part of the initial X matrix. 

 
 

 

(a) (b) 

Figure 4.3. (a) The initial points defined by the user to determine the virtual coordinate frame. The figure 

shows the water tank’s top view. (b) Data collection workflow. 

The robot tooltip’s starting position is at point O. The rest of the robot mo-

tion/positions is defined as shown in Figure 4.3(b) as follows: 

1. The robot moves the probe in small defined steps (e.g. 2 mm) along the Y-axis of 

the image and, at each step, checks the TC from AE. When TC decreases, it 

moves the probe back by twice the step size, and starts the search using a smaller 

step. As shown in Figure 4.4(a), to perform this motion, a sequence of robot poses 

should be calculated using the following equation: 

𝐵𝑛𝑒𝑤 = 𝐵𝑐𝑢𝑟𝑟𝑋𝑇𝑋−1, (4.3) 

where Bnew and Bcurr are new and current robot poses respectively; X is the esti-

mated calibration matrix; and T is defined as: 
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𝑇 = [
𝐼3×3 

0
𝑠𝑡𝑒𝑝

0
01×3 1

].  

2. After several iterations, the robot moves with 0.1 mm steps and stores several 

(e.g. 6) TC values around the AE; it then moves the probe to the pose with maxi-

mum TC; hence, AE is aligned with image mid-plane with 0.1 mm accuracy now. 

3. The program stores this point as the new origin, then collects the robot tooltip 

pose in the robot base frame and the AE pose in the US image as one data set.  

4. The robot rotates around AE, and at each rotation, moves the probe s.t. the AE 

appears at a different location in the image. The amounts of rotation and AE loca-

tions are defined by the user, as if the user would rotate or translate the probe by 

those amounts in a manual data collection. The robot pose for the rotations, as 

shown in Figure 4.4(b) can be defined as: 

𝐵𝑛𝑒𝑤 = 𝐵𝑐𝑢𝑟𝑟𝑋𝑇𝑀𝑇−1𝑋−1, (4.4) 

where: 

𝑀 = [𝑒

[

0 −𝜃𝑧 𝜃𝑦

𝜃𝑧 0 −𝜃𝑥

−𝜃𝑦 𝜃𝑥 0
]

 03×1

01×3 1

], and  𝑇 = [
𝐼3×3 𝑃𝑐𝑢𝑟𝑟

01×3 1
]. 

𝜃𝑑 = (𝜃𝑥, 𝜃𝑦, 𝜃𝑧) is the desired rotation about the three axes of the image in 

radians, and Pcurr is the current location of AE in the US image. The new robot 

pose for translations is calculated using equation (4.3) with T defined as: 

  𝑇 = [
𝐼3×3 𝑃𝑑 − 𝑃𝑐𝑢𝑟𝑟

01×3 1
], 

 where Pd is the desired location of AE in US image. 

5. After each rotation/translation, the robot moves the probe with amount, ad-

just_gap = -5 mm, along the image’s Y-axis, then performs the AE alignment 

process until achieving 0.1 mm accuracy. Then, it records the data, and moves to 

the next pose. Moving back the US probe along the Y-axis ensures that AE is not 
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located behind the US probe’s search path due to inaccuracies, and the selected 

value for adjust_gap depends on the accuracy of the estimated X.  

While defining the robot motions, several safety considerations should be incorpo-

rated into the program. In our implementations, we added the safety considerations be-

low. If the robot cannot find the AE within a set distance (e.g. 4 cm), it pauses and asks 

the user to adjust the AE sensitivity because, especially at large angles, the TC value 

stays at 0 and the AE cannot be detected. This issue can be resolved in future versions by 

increasing the sensitivity and stability of AE measurements. Another safety consideration 

is to prevent the probe from touching the AE, because the program only determines the 

goal position of the robot tooltip, and the robot controller calculates the path to the goal 

position. There might be a case where the path intersects the AE location, and hence the 

probe might hit the AE during the movement. To prevent this, we command the robot to 

go to a safe point (higher than the desired point), and then linearly move to the desired 

point. 

 

(a) 

 

(b) 

Figure 4.4. (a) Transformations involved in calculating robot motion for aligning AE with image mid-plane 

as described in equation (4.3); T is a translation along the Y-axis of the image (b) Remote center motion of 

the US image around the AE as described in equation (4.4).  
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Software module 

We programmed the above described robot motion, data collection, and processing 

as a MATLAB GUI, shown in Figure 4.5, that can be run on the US machine. Another 

MATLAB instance can run another module, to calculate calibration from the collected 

data and show the current results in real time. This online calculation can also be used to 

update the X matrix estimation for robot motions. Once the user sets the parameters and 

can test the connections successfully, he/she can press the “Start” button to start the au-

tomatic calibration. 

 

Figure 4.5. Matlab GUI enabling automatic data collection for calibration. 

4.2.4 Experiments & results 

Superiority of AE over cross-wire calibration was shown in (Guo et al., 2014a). In 

this section, the goal is to validate the automated AE framework. Several experiments 

were designed to evaluate the automated system. Even though AE automatic localization 

was used for robot motion planning, in all the experiments, the data were processed of-

fline using manual segmentation of the B-mode image due to low receiving sensitivity of 

the available AE element.  
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Experiment I: Effect of mounting/dismounting of US probe on calibration 

In this experiment, we tried to quantify the effect of a mechanical change, as an ex-

ample dismounting/mounting the probe holder, on the calibration matrix. In a case study, 

for an experiment that needed to be done with the robotic arm mounted on a cart, the 

probe was calibrated to the robot tooltip. Then, the robotic arm needed to be moved to 

another robot stand. For this reason, the probe holder had to be dismounted from the 

tooltip and re-mounted after moving the robot. The same calibration procedure was re-

peated after re-attachment of the probe holder.  

The probe is designed to be mounted only in one way, and the user tried to tighten 

the screws similar to the previous case. For each of the calibrations, 50 points were used 

for computing the calibration matrix, and 20 points to calculate the reconstruction preci-

sion. The reconstruction precision is defined as the standard deviation of the evaluation 

points reconstructed in the robot base using the computed calibration matrix. Table 4.1 

shows the results. Case 1 relates to the data set collected before moving the robot, and 

case 2 relates to after movement. It is evident that, for both cases, the calibration data 

points were a better fit for the evaluation points collected in the same case. This experi-

ment reveals the importance of repeating the calibration after a mechanical change.  

Table 4.1. Comparison of reconstruction precision (RP) when repeating the calibration after a dis-

mount/mount back of the probe from the tooltip. 

Calculation/evaluation case1/case1 case1/case2 case2/case2 case2/case1 

RP in mm 2.08 2.39 1.67 3.2 

Experiment II: Comparison of automatic vs. manual without time constraint 

In this evaluation, the calibration quality of the automated method was compared to 

that of the manual method; each data set contained 40 points. Additionally, 80 data points 
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from a wide range of angles were collected for evaluation to make sure the evaluation 

data set contained enough data, 40 by trained user, and 40 automatic. For a fair compari-

son, a trained user acquired data as the manual method. As a result, the norm reconstruc-

tion precisions for both data sets were 0.95 and 1.06 mm for manual and automatic meth-

ods, respectively. The reconstruction precisions were similar, though slightly lower for 

the automatic method, possibly because the user was given unlimited time to collect data, 

and therefore more rotations were performed. The time spent to collect data was around 

60 and 35 minutes for manual and automatic methods respectively. 

Experiment III: Comparison of automatic vs. manual with time constraint 

In this experiment, the goal was to compare the calibration results when the same 

amount of time was spent by the user and the robot to collect data. In this experiment, the 

goal was to collect the most efficient data set in a short period of time. For the automatic 

method, this data set contained rotations of 30 and -30 degrees about all three axes, 2 

translations for each rotation, and 2 extra points at 0 rotation, yielding a collection of 14 

data points in about 12 minutes. The user was also asked to collect as many data as possi-

ble in all axes in 15 minutes. The experiment was repeated 10 times to produce statistical-

ly reliable results. The 80 evaluation data points from Experiment II were used to calcu-

late reconstruction precision.  
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Table 4.2. Comparison of repeatability for 10 

sets of manually and automatically collected 

data. Best repeatability was achieved with the 

automatic data set using X1 as an initial guess 

for gradient descent. 

 

 Repeatability (mm) 

Automatic X0=I [1.11,1.14,0.99,0.52] 

Automatic X0=X1 [0.46,0.34,0.80,0.47] 

Manual X0=X1 [0.42,0.51,0.98,1.15] 

Figure 4.6. Comparison of distribution of norm recon-

struction precision (RP) for 10 times repeating data col-

lection. The red line shows the median, the blue box edg-

es show 25th and 75th percentiles, and the black lines 

show extreme values. 

Figure 4.6 shows the reconstruction precision results, while Table 4.2 compares re-

peatability. The repeatability is defined as the norm standard deviation of four corners of 

the image reconstructed in the robot tooltip using all computed X’s. The four corners 

were considered as: 

𝐴 = [−19,0,0], 𝐵 = [19,0,0], 𝐶 = [−19,0,40], 𝐷 = [19,0,40] 

In this experiment, the manual segmentation, and the initial value used for the gra-

dient descent algorithm, X0, became more important due to the small available data sets 

for calibration. While all the automatically collected data sets converged when the identi-

ty matrix was used as the initial guess for gradient descent, only a few of the manual ones 

could converge. Hence, we tried an initial matrix close to the calibration matrix called 

X1. It is evident that, when using an initial matrix close to the solution, the manual data 

set could work similarly to the automatic one. However, the repeatability of the calculat-

ed X in the manual case is larger than that achieved by the automatic data set. 

4.3 Force sensing for robot assisted ultrasound systems 
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An inevitable feature of robots used to operate US probes in clinics is force sensing 

capability. Examples of previous work on robotic US systems with force sensing capabil-

ity include the work by Pierrot et al., 1999 to enable robot human cooperation for produc-

ing 3D US images of arteries; that of Sen et al., 2013 in enabling cooperative control of a 

robotic US probe during radiation therapy; and finally the work of Mathiassen et al., 2016 

on enabling a tele-operated US scan using Universal Robots. 

Force sensors can enable safe interaction of robots with humans and environment. 

They can provide the required information to the robot controller to stop the collision of 

the robotic system with the objects in the environment. In addition, the force that is ap-

plied by the sonographer to the probe can be translated into the speed and direction of the 

robot movement for convenient and smooth operation of the robot. The force that the 

probe applies to the patient’s body can be fed back to the robot controller to ensure safe 

and sufficient force is exerted on the body without losing the contact of the US sensors 

with the surface required for acoustic coupling.  

4.3.1 Collision Avoidance 

The UR5 arm is capable of measuring the force that is applied to any of its joints 

utilizing the current values passing through the motors. This force sensing measurement 

is not accurate, though, because no force sensor is actually installed on the joints. Such 

force measurement, however, enables the robot controller to halt the robot movement if it 

collides with an object in the environment such as the wall, table, or human body. The 

default value for the maximum force that can be applied to the robot is defined as 50 N. 

Lower values can be defined by programming the robot controller.  
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This kind of force measurement is also used by the internal UR5 controller to ena-

ble cooperative control of the robotic arm. However, because the amount of force that is 

calculated using the current measurements is not accurate, the cooperative control mode 

is not smooth and hence inconvenient. In the next section, we will explain how adding a 

6-Axis force sensor enables smooth and convenient cooperation of robot and sonographer 

in operating the US probe.  

4.3.2 Cooperative Control of a Robot Operated Ultrasound Probe 

We used the Robotiq FT150 6-Axis force/torque sensor (Robotiq Inc., Levis, QC, 

Canada) to enable accurate measurement of the force applied to the end-effector. This 

force sensor can measure the linear force and torque with signal noise values of 0.5 N and 

0.03 N-m respectively. Hence, it can capture a more precise measurement of the force 

that is applied to the US probe. Using an adapter and a set of screws, the force sensor is 

attached to the UR5 tooltip, as shown in Figure 4.7. The probe holder is attached to the 

other side of the force sensor. Since the robot tooltip, force sensor and probe holder are 

rigidly attached to each other, any force applied to the probe holder can be measured by 

the force sensor. 
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Figure 4.7. The force sensor is placed in between the robot tooltip and the probe holder. The user holds the 

probe and applies the force toward the desired trajectory. The robot controller converts the force readings 

into appropriate movements of the robot tooltip such that the user can intuitively move the probe similar to 

a freehand probe. 

The force sensor is connected through a data cable to the back of the robot control-

ler and sends the force measurements to the control panel real-time. A toolkit available 

by Robotiq enables access to the force sensor values in units of Newton and Newton-

meter as a 6-element vector: [𝐹𝑥, 𝐹𝑦 , 𝐹𝑧 , 𝑇𝑥, 𝑇𝑦, 𝑇𝑧]. This vector needs to be scaled before 

being converted to the tool speed. 𝑠𝑙  and 𝑠𝑟  are used for scaling the linear force and 

torque respectively. In addition, this vector should be transformed to the tooltip coordi-

nate system. In this setup, the sensor was attached such that: 

𝑅𝑓𝑠→𝑡𝑡 = [
0 1 0

−1 0 0
0 0 1

]  , 

The speedl command in URScript can be used to command the controller to move 

the tooltip with the desired speed in units of meter per second with a given acceleration, 

𝑎. However, this command gets the speed vector as defined in robot base coordinate sys-

tems. Hence, at each time, the forward kinematics should be used to calculate the current 

Force sensor 
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rotation matrix, 𝑅𝑡𝑡→𝑟𝑏 that takes the vectors from tooltip coordinate system to robot base 

coordinate system. Consequently, at each time step, the desired speed is defined as: 

𝑉 = [𝑉𝑙

𝑉𝑟], 

where: 

𝑉𝑙 = 𝑅𝑡𝑡→𝑟𝑏𝑅𝑓𝑠→𝑡𝑡 . 𝑠𝑙 [

𝐹𝑥

𝐹𝑦

𝐹𝑧

], 

𝑉𝑟 = 𝑅𝑡𝑡→𝑟𝑏𝑅𝑓𝑠→𝑡𝑡. 𝑠𝑟 [

𝑇𝑥

𝑇𝑦

𝑇𝑧

]. 

The desired speed should be sent to the robot controller with an appropriate fre-

quency, 𝑓. However, if the user applies a non-uniform force, the robot motion will be 

unsteady. One way to avoid this is to apply filtering techniques. A simple filter can be 

defined as follows: 

𝑉𝑖+1 = 𝑤𝑉𝑖 + (1 − 𝑤)𝑉𝑖−1 

where 𝑤 is the filter’s weighting factor; a value between 0 and 1. In the initial implemen-

tation of the cooperative mode, the following parameters were used: 

𝑠𝑙 = 0.01, 𝑠𝑟 = 0.5, 𝑓 = 10𝐻𝑧, 𝑤 = 0.5, 𝑎 = 0.5 𝑚/𝑠2  

These parameters lead to a much smoother cooperative control of the robot. In ad-

dition, using this type of cooperative control, it is possible to program the robot (e.g. read 

current position), in a parallel thread. This feature was not available using the internal 

cooperative mode of UR5. 

However, since every small force measurement was converted to the tooltip speed, 

even when the operator released the probe, the environment noise could cause the robot 

to move. In addition, when sudden forces were applied, the robot performed sudden 
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movements followed by frequent small shakes caused by the discrete nature of the force 

measurements. In the rest of this section, two more features are explained that address the 

above two issues. This part is a collaborative work and has been published as part of a 

masters thesis (Finocchi, 2016). 
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−𝑆𝑚𝑎𝑥  
 

Figure 4.8. Nonlinear admittance gain as the function of measured force; the gain is set to its max value at 

forces larger than the maximum allowed. The small forces lead to zero gain, which gradually increases for 

higher forces. This feature enables ignoring forces caused by environmental noise (Finocchi, 2016). 
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Non-Linear Admittance Control 

In this method, instead of simply using the two scaling factors, 𝑠𝑙 and 𝑠𝑟, a non-linear 

equation is used to calculate the proprietary scale factors for each of the 6 joints. Here the 

goal is to calculate the 6 joint velocities referred to as �̇�.These values are defined as a 6-

element vector, S, called nonlinear admittance gains, and calculated as proposed in (Ka-

zanzides et al., 1992): 

𝑆𝑖 = 𝑆𝑚𝑎𝑥 ∙  𝑒
(1−

𝐹𝑚𝑎𝑥
‖𝐹𝑖‖

)
, 

where 𝑖 represents each of the 6 joints’ number; 𝐾𝑚𝑎𝑥 and 𝐹𝑚𝑎𝑥 are the maximum gain 

and force allowed respectively. In addition, 𝑆𝑖 is defined to be not larger than 𝑆max. The 

resulting gain curve as the function of input force is shown in Figure 4.8. Nonlinear ad-

mittance gains can reduce the effect of noise while allowing for both small and large 

Sample Number 

 
Figure 4.9. An example of the effect of 1€ filter on the tooltip speed. This filter creates a smoother 

cooperating experience for the operator (Finocchi, 2016). 
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forces. In addition, the above equation eliminates the need for re-defining the appropriate 

scale factors for each environment or application.  

Dynamic “1€” Filtering Technique 

Since the force measurements are done in a discrete fashion with a rate determined 

by the internal clock of the force sensor, the resulting stream of velocities fed to the robot 

controller contains a jitter. In addition, when sudden or non-uniform forces are applied to 

the probe, the robot fails to achieve the desired speed or moves with non-smooth changes 

in speed and direction. To overcome this issue, a low pass filter can be used. One exam-

ple is the one called 1€, with an adaptive cutoff frequency based on the speed. This filter 

creates a smoother cooperative feeling for the human operator by adjusting the filter con-

sidering the user has higher sensitivity to jitter at lower speeds and higher sensitivity to 

lag at higher speeds. An example of applying such a filter on the steam of speed data sent 

to the robot controller and the resulting tooltip speed is shown in Figure 4.9.  

4.3.3 Safe and Smooth Robot-Patient Interaction 

In addition to the operator, the robot needs to safely and smoothly interact with an-

other human, i.e. the patient. If the robot is only interacting with the patient, the same 

force sensor, described in previous section, can be used to maintain the probe contact 

with the desired body surface while ensuring a safe amount of force is exerted on the pa-

tient’s body. To add this feature, we added a switch to the setup; when the switch is 

pressed, the program toggles between two states: 1. Allowing for cooperative control of 

the probe; 2. Exerting the desired amount of force on the closest surface in the direction 

of the probe’s axial axis (scanning mode). In the second mode, the robot moves the probe 

in axial forward direction until the following condition is satisfied: 
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𝐹𝑧 = 𝐹𝑑 

where 𝐹𝑧 is the sensed force in the lateral direction of the probe and 𝐹𝑑  is the desired 

force exerted against the patient’s body. Figure 4.10 shows several screenshots of a sam-

ple scenario. In this scenario, initially, the user held the probe and moved it to the top of 

the phantom. The user then released the probe and pressed the switch so that the robot 

entered the second mode. The robot then started moving toward the phantom. At time 𝑡1, 

the probe reached the desired force against the phantom surface. Next, the user changed 

the height of the stage such that the phantom moved upwards. This caused the robot to 

immediately move the probe upwards (𝑡2) to avoid applying extra force.  

 

𝑡0 

 

𝑡1 

 

𝑡2 

Figure 4.10. A button is used to switch between the cooperative and scanning mode. (a) Initially, the user 

moves the probe to a position on top of the phantom and presses the button to activate scanning mode at 𝑡0; 

(b) the robot moves toward the phantom and stops at the desired force at 𝑡1; (c) the robot complies with the 

stage’s upward movement to maintain the desired force, 𝑡2. 

4.3.4 Dual Force Sensing Capability 

Musculoskeletal injuries are common among sonographers because they need to 

push the probe against the patient, many times with high forces requiring a high grip 

force on the sonographers’ hand, while simultaneously performing other tasks such as 

looking at the screen or handling a tool (Rousseau et al., 2013). At the same time, a ro-

button 
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botic system should bring about limited changes in standard imaging procedures, to in-

crease the probability of being adapted in clinics (Haidegger et al., 2009). More specifi-

cally, it is preferable for the sonographers to have the option of being in full control of the 

probe while imaging. Hence, a setup that enables simultaneous availability of the two 

modes is highly desired.  

The following two steps need to be taken to enable this functionality: 

- Design a system that can decouple the two forces: 1. Applied by the operator; 2. 

Applied to the patient.  

- Design a control scheme that can take the two force measurements as input and 

output the appropriate stream of speeds to be sent to the controller such that the 

sonographer can exert the desired force with less effort. 

To achieve the first step, a secondary force sensor was utilized. Since the majority 

of forces applied to and by the patient is in the axial axis of the probe, a 1-axis load cell, 

Honeywell Model 31 Mid (Honeywell International Inc., Morris Plains, NJ, USA), was 

used. The load cell was inserted at the end of the probe holder. To decouple the forces 

that are measured by the two sensors, an outer shell was designed that encompasses the 

probe holder. A spring was used to hold the two shells together while allowing the forces 

to be measured independently. However, the force applied to the outer shell by the opera-

tor would still affect the load cell measurements. Hence, a separate gripping handle was 

designed in between the two force sensors. The final design is shown in Figure 4.11.  
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(a) 

 

(b) 

Figure 4.11. Dual sensor probe holder designed to decouple operator’s and patient’s force (Finocchi, 2016). 

(a) the dual layer holder; (b) the gripping handle for cooperative mode is attached at the end side of the 

holder. 

The second step was achieved utilizing a variable admittance control law (Finocchi, 

2016 and Taylor et al., 2008): 

�̇� = 𝑆 (𝐴1 [
𝐹1

𝑇1
] − 𝐴2 [

𝐹2

𝑇2
] ), 

where �̇� is the calculated joint velocity vector to be sent to the robot controller; 𝑆 is the 

scaling factor; [
𝐹1

𝑇1
] and [

𝐹2

𝑇2
] are the forces measured by 6-axis force sensor and load cell 

respectively; and 𝐴1 and 𝐴2 are as follows: 

𝐴1 = 𝑑𝑖𝑎𝑔([1,1,1 + 𝛽, 1,1,1]), 𝐴2 = 𝛾𝑑𝑖𝑎𝑔([1,1,1 − 𝛽, 1,1,1]), 

where 𝛾 is a constant and 𝛽 is a function of patient’s force. 𝛽 is 0 when the patient’s force 

is 0 and 1 when the patient’s force is larger than the maximum desired force on the pa-

tient and a linear function of the patient’s force otherwise. 

 The overall implemented setup is shown in Figure 4.12. 
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Figure 4.12. The dual force sensor setup for simultaneous cooperative control of the probe and scan of the 

patient (Finocchi, 2016). 

The implemented setup was used to conduct user studies after receiving IRB ap-

proval. Each user performed 3 repetitions of 5 tasks for each mode of freehand and co-

robotic. In freehand case, the probe holder was detached from the robotic arm. Each task 

was defined as pushing the probe against a phantom with one of the following force val-

ues: 5, 15, 25, 35, and 45 N. For each task, the grip force was measured using a set of 6 

FlexiForce film sensors (Tekscan, Boston, MA, USA) attached to the gripping handle as 

shown in Figure 4.13. 

 

 

Figure 4.13. Film sensors installed on the handle to measure the grip force. (a) the corresponding hand 

locations to the force sensors; (b) the force sensor locations on the handle (Finocchi, 2016). 

The measured grip force as a function of the desired force on the phantom is shown 

in Figure 4.14. The users also filled out a survey form at the end of the study. 5 out of the 
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6 users reported that performing the tasks was less strenuousness using the robotic setup 

than that of the freehand while 1 user reported they were equally strenuous.  

 

Figure 4.14. The measured grip force using each of the robotic and freehand setups for the 5 different de-

sired forces on the phantom (Finocchi, 2016).  
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4.4 Discussions and conclusions 

In this chapter, we discussed two additional features that are integral parts of a ro-

botic US imaging system: US calibration, and force sensing capability. US calibration is 

a necessary task to enable accurate localization of the US image in the robot coordinate 

frames. We proposed an automatic method of actively calibrating the US probe to the 

robot tooltip. We then discussed several cases in which force sensing capability is neces-

sary in accomplishing the imaging task by the robotic arm. Finally, the proposed methods 

and several setups showing the feasibility and concept were discussed.  

4.4.1 Automatic Calibration 

The experimental results show that the automated method provides similar repeata-

bility and reconstruction precision to manual (or semi-automatic) data collection. Hence, 

automation does not affect the performance but provides easier and faster data collection. 

For applications where a massive number of calibrations are required, or when US cali-

bration needs to be repeated frequently due to environmental, mechanical, or other 

changes, an automatic framework can be a viable solution.  

On the other hand, when automatic data collection is not possible, manual data col-

lection can be equivalently appropriate if 1) the calibration procedure is not frequent; 2) 

data is collected by a sufficiently representative number of points by performing enough 

rotations about the point fiducial; 3) data processing is done by trying various initial ma-

trices in the case of a small data set for calibration. 

The results of Experiment III reveal the importance of initial matrix selection for 

the gradient descent method. Hence, especially, for small data sets, it is recommended to 

try many different initial matrices. Even for the automatic case, it is still important to try 
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various initial matrices, since as shown by Figure 4.6 and Table 4.2, better reconstruction 

precision was achieved by setting X0= I while it produced less repeatability. We surmise 

the reason is that, when the initial guess is farther from the solution, the gradient descent 

tries more variant X’s and hence can find a better reconstruction precision, while when 

choosing an X close to the solution, this is not the case. 

The results of the automated framework lacks robust AE readings due to lower re-

ceiving sensitivity of the available AE US element in the setup, which requires setting the 

AE sensitivity at its control boards to maximum. This can be solved by changing the AE 

US element and its embedding design or by enabling control of sensitivity by the auto-

matic program; i.e., at large angles, the sensitivity can be increased, while at small angles 

it is decreased. In addition, the AE can be designed to be embedded on a flat surface (ra-

ther than the tip of a needle), which provides more dexterity around the AE point, and 

safer robot motions, thus avoiding collision with the AE element. These improvements 

could potentially reduce the automatic data collection time almost by half and will also 

enable use of automatic segmentation for highly accurate calibrations.  

Here, the robotic arm tooltip is the “moving frame.” However, with some modifica-

tions, this method can be used to automate the calibration procedure in any application 

requiring accurate US calibration, for example when a tracked marker is the “moving 

frame,” while the robot is used as an assistive arm to collect data. In addition, since sub-

millimeter precision is usually desired for US calibrations, this procedure can be repeated 

regularly as a quick automatic improvement/update of the previously computed transfor-

mation matrix. 
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Finally, having an automated setup brings up an interesting question: what is the 

optimal robot maneuver for data collection? In other words, how much data, and in which 

poses with respect to the point fiducial, are necessary and sufficient to achieve the most 

accurate calibration possible? An interesting future step for the automated framework is 

to collect a large set of data at known angles and positions and devise an optimized and 

standardized calibration procedure. 

4.4.2 Force Sensing 

Force sensing is starting to become more common in many robotic applications. 

For example, several robotic arms have internal force sensors that can be utilized for the 

scenarios explained here. In case of robotic US imaging, force sensors can enable safe 

and smooth interaction among robot, sonographer, and patient.  

It should be noted that it is desired to have the robot as a helping hand for the so-

nographer; hence, the efficacy and the intuitiveness of the robotic system from the opera-

tor’s point of view are determining factors. In the performed user studies, 5 out of the 6 

users experienced less grip force in robotic case and consequently reported the robot 

tasks were less strenuous. In addition, based on the survey results, 5 out of 6 users report-

ed that the robotic system was as intuitive as the freehand operation, while one person 

reported the robotic system was less intuitive. These results show the overall efficacy of 

the dual force sensor setup. Further tuning and customizing the parameters used in the 

dual sensor control scheme may lead to more comfortable experience for all users.  
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Chapter 5     Image Reconstruction 

In this chapter, we focus on the tomographic image reconstruction aspect. Tomo-

graphic imaging involves collection of data along projection lines that pass through the 

object of interest. These lines can be all in one plane (2-D imaging), or pass through a 

volume of interest (3-D imaging). The collected data, together with the known projection 

line locations are then used to reconstruct a parameter of interest. Tomographic imaging 

is extensively used in various imaging modalities and are distinguished by the nature of 

the transmitted or emitted signal, or the physical property of interest. For example, in CT, 

X-ray photons are used for transmission along the projection lines and for each line, the 

attenuation along the path is measured.  

In co-robotic US tomography case, after the two US probes are aligned, and their 

relative location is known accurately, one probe is selected as transmitter and the other as 

receiver; then they can exchange US signals. The US signal travels through the object or 

medium of interest, and is received by the other probe; the received signal is then post-

processed to reconstruct an image of the object. Here we mainly focus on the SOS recon-

struction; i.e., we assume the acoustic property to be reconstructed is the SOS wave prop-

agation in the medium. In principal, the path that each US wave should travel between a 

pair of transmitter-receiver elements (called ray) is assumed to be known (using robotic 

or otherwise tracked probes); and given that the transmitters and receivers are synchro-

nized, the TOF can be picked for each transmitter-receiver pair; and hence the SOS can 

be calculated for each ray. Having many rays that travel through each pixel, the SOS at 

each pixel can then be estimated.  
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Alternatively, one can consider attenuation coefficient as the parameter of interest. 

In this case, instead of the TOF, the signal amplitude is picked at each receiver; compar-

ing this value, with the original signal amplitude transmitted, provides the average atten-

uation coefficient over each ray; and similarly, the pixel-wise attenuation coefficients can 

be reconstructed. 

It should be noted that this chapter has partly been published in Aalamifar et al., 

2016a and Aalamifar et al., 2015a. Other than my supervisor and co-supervisor, I have 

collaborated with Dengrong Jiang and Haichong K. Zhang to accomplish the work writ-

ten in this chapter. Dengrong Jiang implemented the system matrix code, total variation 

regularization code, and contributed to the overall problem formulation; Haichong K. 

Zhang involved in several discussions regarding experimental ideas and planning, con-

tributed to the alignment error analysis, and experimental data collection and processing, 

and performed the manual TOF picking. I was the lead for the overall project coordina-

tion and planning, and performed the problem formulation, simulation studies, error/noise 

analysis, reconstruction algorithms’ implementations, phantom making, and experimental 

evaluations. 

5.1 US Tomography Prior Art 

The reconstruction problem, in the context of US tomography, can be formulated in 

several ways considering different approximations of the US wave propagation. In 

straight-ray approximation, it is assumed that the US wave propagates from transmitter to 

receiver in a straight path. This approximation does not take into account any deviation 

from the straight path that the US wave may encounter due to refraction, diffraction, scat-

tering, or reflection. Several studies have argued that when soft tissue is considered (Kak 
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and Slaney, 1988: p. 113), especially for SOS reconstruction (Huang and Li, 2004), the 

effect of these phenomena can be neglected. Huang and Li (2005) proposed a method of 

data correction, for attenuation reconstruction, based on angular spectrum and recon-

structed SOS in which they compensate for phase and amplitude distortions by estimating 

the refraction effect from SOS map. 

The straight-ray model allows for easier and faster implementation and execution 

of the reconstruction and is preferred in real-time applications. In addition, it allows for a 

simpler mathematical formulation of the reconstruction problem. This method is one that 

only looks at the TOF rather than the whole received waveform for SOS reconstruction.  

US wave propagation can be described more accurately using the bent-ray model 

(Li et al., 2009a). Instead of simply calculating the system matrix with straight-path as-

sumption, in the bent-ray method, the paths and SOS map are calculated iteratively based 

on the Snell’s law. First, an initial SOS map is used to calculate the bent-ray paths by 

solving the eikonal equation. Then, the SOS map is updated based on the difference be-

tween experimental TOF and calculated one using bent-ray system matrix. Li et al. 

(2009a) also used total variation (TV) regularization solving for the SOS map and 

showed that even though more computationally intensive, the bent-ray model can reveal 

more tissue structure in comparison with the straight-ray model. They also showed that 

with the bent-ray model, the TV regularization method performs better than the Tikhonov 

one, while the reconstruction time for both methods were almost the same. 

The bent-ray methodology still only considers the TOF information extracted from 

the received signal, which does not take into account scattering, reflection, or refraction 

information existing in the received data. However, waveform tomography, borrowed 
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from geophysics (Pratt and Goulty, 1991), is a more accurate method of reconstruction in 

which a portion of the waveform in frequency domain is utilized, and hence sub-

wavelength scale resolution becomes possible (Pratt et al., 2007). In waveform tomogra-

phy, the theoretically synthesized waveform calculated using the current SOS map is 

compared to the experimentally received waveform and the SOS map is iteratively updat-

ed to minimize the misfit function. The initial SOS map for this algorithm should be ac-

curate enough, i.e., the initial map should predict the TOFs within a half-cycle (Sirgue 

and Pratt, 2004). Pratt et al. (2007) used the image reconstructed by the bent-ray method 

as the starting model for this algorithm. Sandhu et al. (2015) showed significant im-

provement in clinical US tomography images of the breast using waveform tomography 

method in comparison with the bent-ray. 

Additionally, the reflected signals may also be used to reconstruct the SOS map in 

the waveform tomography method and to enhance the reflected waveforms, virtual point 

sources can be used (Huang et. al, 2014). Even though waveform tomography is the most 

accurate method of formulating the reconstruction problem, it is computationally inten-

sive. To improve the computational efficiency, source encoding and data blending have 

been proposed by Zhang et al. (2012) and Zhang and Huang (2014) respectively where 

the time efficiency is achieved by computing the synthesized data for multiple transduc-

ers in one simulation and decoupling them using phase or source encoding. 

All the above explained methods can be categorized into 3 different ways of model-

ing the US wave propagation (in other words, 3 different formulations of the system ma-

trix) as shown in Table 5.1. 
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Table 5.1. Summary of 3 different categories of modeling the US wave propagation for tomographic recon-

struction. 

Method Description Properties 

Straight-ray Calculates system matrix based 

on the assumption that the US 

waves propagate in a straight 

line (SX=b formulation; meth-

ods to solve in Table 2.1) 

- Simple implementation due to inaccurate 

approximation of wave propagation 

- Fast reconstruction 

- Based on TOF rather than the waveform 

- Low resolution and misses details 

Examples: Huang and Li, 2004; Huang and Li, 

2004; Duric et al., 2005 

Bent-ray Calculates system matrix itera-

tively based on the eikonal 

wave equation as a function of 

current image  

- Iterative implementation 

- Faster than waveform tomography 

- Based on TOF rather than the waveform 

- Accurate modeling of propagation but low 

resolution limited by wavelength 

Examples: Li et al., 2009a 

Waveform 

tomography 

Starts with an initial image and 

iteratively minimizes the error 

between the synthesized and 

experimentally collected wave-

form. 

- Higher resolution 

-The starting model should predict the time of 

arrivals to within a half cycle  

-Computationally expensive 

Examples: Sandhu et al., 2015; Pratt et al., 

2007 

Even though most previous work has been clinically tested using a circular array of 

US transducers (e.g. Softvue system, Delphinus Medical Technologies, MI, USA, Duric 

et al., 2005, and Duric et al., 2007), providing full angle tomographic data, all the above 

discussed formulations can be used to model both full or incomplete tomography cases. 

After modeling the US wave propagation and formulating the reconstruction problem, 

several methods can be used to solve for the image. In waveform tomography methods, 

the problem is formulated as an optimizer that minimizes the misfit function between the 

synthesized and experimentally collected data. However, here we focus on the ray-based 

methods which is a necessary step to find the appropriate starting model for waveform 

tomography methods as well. In ray-based methods, usually the reconstruction can be 
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formulated as an SX=b problem where S is the system matrix, b is the TOF and X is the 

vectorized version of the image. Depending on the system matrix (i.e. whether a full or 

limited tomographic data is available), this equation may be underdetermined or over-

determined and cannot be solved analytically, as it may have several or no solutions. 

Hence, instead, the reconstruction is reformulated as an optimization problem minimizing 

an appropriate cost function. Different selections of the cost function, yields different 

solutions that come with their advantages and disadvantages. Here, different formulations 

and methods of solving for the ray-based model are described and compared. 

5.2  Reconstruction problem formulation 

Since in clinical applications related to other organs than breast, usually full tomo-

graphic data is not available, here we focus on limited angled tomography that is collect-

ed using two aligned probes. Before stepping into complications of the US wave propaga-

tion in simulations, we perform several simple simulations that govern the mathematical 

limitations of the reconstruction problem. Hence, we assume that the US wave travels in 

a straight path and neglect reflections, refractions, and diffractions to look at the mathe-

matics of the problem. We first investigate the effect of alignment error on reconstruction 

and show that given the typical range of errors in a robotic/tracked US tomography setup, 

 

Figure 5.1. The insonified area divided into grid cells and one example transmit-receive ray from ith 

transmitter to the jth receiver. Also the Image axes directions is shown for transmitter. 
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meaningful images can be reconstructed (Aalamifar et al., 2015a). We then analyze capa-

bility of different solvers, and the effect of data incompleteness on the reconstruction 

(Aalamifar et. al, 2016a). Then, the effect of TOF noise/bias on the reconstructed image 

is discussed. All the simulations are implemented in MATLAB. In order to consider a 

more realistic model of US wave propagation, and experimental noise and bias, we per-

formed a phantom study; the results are provided in this chapter. 

5.2.1 Image definition 

The image is defined as a rectangular grid of pixels between the transmitter arrays 

and receiver ones. Each pixel value represents the SOS in the corresponding area of the 

object. The grid covers the whole area between the two probes (as shown in Figure 5.1); 

alternatively, the image can be defined in a specific region of interest inside this area as-

suming the SOS outside the region of interest is known. 

The image can be represented by a matrix, 𝑉 of size 𝑀×𝑁, where 𝑣𝑚,𝑛 is the SOS 

in the grid cell located at the 𝑚th row and 𝑛th column. Since in the reconstruction prob-

lem, the image is the unknown variable, it usually is represented by a column vector. The 

goal is to estimate the SOS in each cell of the grid. Instead of directly calculating 𝑣𝑚,𝑛’s, 

their inverse called “slowness” are calculated. Hence, the image is represented by a col-

umn vector, 𝑋 of size 𝑁𝑔×1, where 𝑁𝑔 = 𝑀×𝑁 and 𝑥𝑘∈{1,…,𝑁𝑔} =
1

𝑣𝑚,𝑛
;  𝑘 = 𝑀(𝑛 − 1) +

𝑚. In other words, 𝑋 is constructed by concatenating columns of elementwise inverse of 

matrix 𝑉. 

5.2.2 System matrix definition 

System matrix, 𝑆, contains the geometrical relation between transmitters and re-

ceivers’ locations, and the defined image. The transmitters fire sequentially, and at each 
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transmit firing, all the receivers are listening. The signal travels from one transmitter to 

all the receivers. There is a ray between each transmit receiver pair that passes through 

several grid cells. The system matrix determines how much of each grid cell is passed by 

each ray. This matrix has 𝑁𝑡×𝑁𝑟  rows and 𝑁𝑔  columns, where 𝑁𝑡  is the number of 

transmitting elements, 𝑁𝑟 is the number of receiving elements, and 𝑁𝑔 is the total number 

of grid cells. We constructed system matrix based on the method presented by Siddon, 

1985 and using US probe lateral size, number of element in one probe, and the distance 

between the two probes. We ignored the elements’ width or height and assumed the loca-

tion of each transmitter/receiver is in the center. 

5.2.3 TOF data 

TOF, 𝑏, is a vector that contains the time it took the signal to travel from a trans-

mitter to a receiver. This vector has 𝑁𝑡×𝑁𝑟 number of rows, where each row corresponds 

to one ray, i.e. one transmit-receive pair. 

5.2.4 Problem formulation 

The time required for an US signal to travel along a ray is equal to the sum of the 

time through all cells it passes through; and the time required to travel through one cell is 

𝑡 = 𝑙 ∗ 𝑥, where 𝑙 is the path length along the cell, and 𝑥 is the cell’s slowness. Hence, 

𝑏𝑖 = ∑ 𝑠𝑖,𝑗𝑥𝑗
𝑁𝑔

𝑗=1
, where 𝑏𝑖 is the total TOF for the 𝑖th ray, 𝑠𝑖,𝑗 is the path length of 𝑖th ray 

along 𝑗th cell and 𝑥𝑗 is the 𝑗th cell slowness. This leads to solving the following equation 

for 𝑋: 

𝑆×𝑋 = 𝑏. (5.1) 
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Reconstructing the attenuation map can be formulated into an SX=b equation simi-

lar to the above, but with different variable definitions. In summary, the amplitude of the 

received signal for each ray, at a single frequency, can be estimated based on the attenua-

tion coefficient as follows: 

𝐼𝑖 = 𝐼𝑖
0𝑒−∫ 𝛼𝑥 𝑑𝑥, 

where 𝐼𝑖
0 is the amplitude of the transmitted signal, 𝐼𝑖  is the amplitude of the received 

signal for the 𝑖th ray, and 𝛼𝑥 is the attenuation coefficient along the ray’s path. In discre-

tized (pixel-wise) case: 

𝐼𝑖 = 𝐼𝑖
0𝑒−𝛴𝛼𝑗𝑠𝑖,𝑗 , 

for the 𝑖th ray, where 𝛼𝑗 is the 𝑗th pixel’s attenuation coefficient. Getting logarithm from 

two sides yields: 

ln 𝐼𝑖 = ln 𝐼𝑖
0 − ∑αj𝑑𝑖𝑗. 

Rearranging and combining the above equation for all rays yields: 

𝑆×𝑋 = 𝑏, 

where 𝑋 represents the attenuation coefficient map, and 𝑏, here instead of TOF, is de-

fined as equal to 𝐼 which is a vector of length 𝑁𝑡×𝑁𝑟, each array equal to  

𝐼𝑖 = [ln
𝐼𝑖

0

𝐼𝑖
] 

representing the transmit-receive amplitude loss for each ray. More information can be 

found in Huang and Li (2005). 

5.3 Solving for the SOS map 

There are various methods for solving equation (5.1). It should be noted that in this 

equation: 
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- 𝑆 is non-square, 

- In general, 𝑆 can have a number of dependent columns/rows, 

- 𝑆 might not be accurate due to alignment error, 

- and 𝑏 data may contain bias and/or noise, 

The rank of matrix S, and the vector, 𝑏, determine how many solutions this equa-

tion has. In the single or limited view case, the 𝑆 matrix is rank deficient (due to incom-

plete tomographic data) and assuming there is no noise or error, there are multiple solu-

tions for the equation. 

Simple backprojection methods find the solution by approximating the inverse of 

system matrix by its transpose: 

𝑋 = 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(𝑆𝑛)×𝑉𝑏, 

where 𝑆𝑛 is a normalized version of system matrix to cancel the effect of unequal number 

of rays passing through different pixels: 

𝑠𝑖𝑗
𝑛 =

𝑠𝑖𝑗

∑ 𝑠𝑘𝑗
𝑁𝑡×𝑁𝑟
𝑘=1

 

and 𝑉𝑏 is a vector, of the same size as 𝑏, containing the average SOS of all the rays: 

𝑉𝑖
𝑏 =

∑ 𝑠𝑖𝑗
𝑁𝑔

𝑗=1

𝑏𝑖
 

This approximation is not computationally intensive but produces blurring effects. 

Since 𝑆  is non-square, more accurate analytic solution can be found using a pseudo-

inverse of 𝑆: 

𝑋 = 𝑝𝑠𝑢𝑑𝑜𝑖𝑛𝑣(𝑆)×𝑏. 

We used the Moore-Penrose pseudo-inverse, 𝑆′, which has the following proper-

ties: 
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𝑆×𝑆′×𝑆 = 𝑆, 

𝑆′×𝑆×𝑆′ = 𝑆′, 

and 𝑆′×𝑆 and 𝑆×𝑆′ are both Hermitian. The solution found using the Moore-Pensrose 

pseudo-inverse is equivalent to the least square solution with minimum norm (Planitz, 

1979); i.e., it is the minimum norm solution, 𝑋, minimizing: 

𝑛𝑜𝑟𝑚(𝑆𝑋 − 𝑏). 

Even though the pseudo-inverse method is straight-forward and always provides 

the solution with minimum norm (despite iterative methods that may not converge), it is 

usually computationally expensive to find the pseudo-inverse of a large matrix such as 𝑆 

(16384×2400 if there are 128 receiving and 128 transmitting elements, and the image has 

2400 pixels). 

Conjugate gradient is an iterative algorithm that is usually used to solve large and 

sparse systems of linear equations such as equation (5.1) (Shewchuk, 1994). Conjugate 

gradient iteratively minimizes the quadratic function: 

𝑓(𝑥) =
1

2
𝑋𝑇𝑆𝑋 − 𝑏𝑇𝑋 + 𝑐 

where 𝑐 is an arbitrary scalar constant. This algorithm is easy to implement and runs fast 

especially since 𝑆 is a sparse matrix (generally less computationally intensive than pseu-

do-inverse). A pseudo-code for implementing the conjugate gradient algorithm is availa-

ble in Shewchuk (1994). 

Regularization methods are usually used in case of incomplete tomographic data 

because they add an additional constraint to help with the fact that the problem is ill-

posed. Here, we also test the TV regularization method (Lustig et al., 2007 and Lustig et 
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al., 2008) as an addition to the conjugate gradient method with the image 𝑙1-norm sum of 

differences as the regularization term. 

Another method of iteratively solving for 𝑋 is the expectation maximization algo-

rithm that is commonly used for image reconstruction in emission tomography (Lange 

and Carson, 1984; Yamazaki et al., 2006). Expectation maximization iterates the two 

steps of expectation and maximization to find the image that is most likely based on the 

assumption that the measured (and missing) data (here TOF) has a known probability 

distribution. Assuming the TOF over one pixel, measured as number of samples, has 

Poisson distribution leads to a simple expectation maximization algorithm to estimate the 

image: 

𝑥𝑗
𝑚+1 =

𝑥𝑗
𝑚

∑ 𝑠𝑖𝑗
𝑁𝑡×𝑁𝑟
𝑖=1

∑ 𝑠𝑖𝑗 (
𝑏𝑖

∑ 𝑥𝑗
𝑚𝑠𝑖𝑗

𝑁𝑔

𝑗=1

) ,
𝑁𝑡×𝑁𝑟

𝑖=1
 

 

where 𝑥𝑗
𝑚 is the 𝑗-th pixel value at 𝑚-th iteration. A summary of the methods for solving 

SX=b equation used here are provided in Table 5.2.  

Table 5.2. Several methods of solving for SX=b; with their objective functions and characteristics. 

Method Objective Description & Properties 

Moore-Penrose 

Pseudo-inverse 

(Pinv) 

Finding the least square so-

lution with minimum norm 

(Planitz, 1979) 

-Simple to implement 

-Computationally expensive 

Algorithm used here: MATLAB imple-

mentation (Mathworks Inc., 2016) 

Conjugate 

Gradient (CG) 

Minimizing the quadratic 

function: 

𝑓(𝑥) =
1

2
𝑋𝑇𝐴𝑋 − 𝑏′𝑇𝑋 + 𝑐 

Since 𝑆 is non-symmetric: 

 𝐴 = 𝑆𝑇𝑆, 𝑏′ = 𝑆𝑇𝑏,c:const 

-Memory efficient and fast with sparse 

matrices 

-Slower than EM 

-The image is not as good as EM in 

some cases 

Algorithm: pseudo code provided by 

Shewchuk, 1994. 

Expectation 

Maximization 

Maximizing the log likeli-

hood of Poisson distribu-

-Memory efficient and runs quickly 

-Artificial contrast and bias when in-
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(EM) tion: 

−𝑆𝑋 + 𝑏 log (𝑆𝑋)) 

complete data 

Algorithm (Rahmim, 2005, equation 

2.61): 

𝑥𝑗
𝑚+1

=
𝑥𝑗

𝑚

∑ 𝑠𝑖𝑗
𝑁𝑡×𝑁𝑟

𝑖=1

∑ 𝑠𝑖𝑗 (
𝑏𝑖

∑ 𝑥𝑗
𝑚𝑠𝑖𝑗

𝑁𝑔

𝑗=1

)
𝑁𝑡×𝑁𝑟

𝑖=1
 

Algebraic Re-

construction 

Techniques 

(ART) 

A series of techniques aim-

ing to find the intersection 

of hyperplanes defined by 

the set of equations in SX=b 

-Easy to incorporate prior information 

-Suffers from salt and pepper noise 

-Not implemented here; please refer to 

Kak and Slaney, 1988, chapter 7. 

For each of the above solvers, we consider two versions: difference (Diff) and non-

difference methods. In the difference method, the problem is solving for an 𝑋𝑜𝑏𝑗 that sat-

isfies: 

𝑆(𝑋𝑏𝑔 − 𝑋𝑜𝑏𝑗) = 𝑏𝑏𝑔 − 𝑏𝑜𝑏𝑗, (5.2) 

In the difference methods, we assume that a background phantom is scanned with-

out moving the probes. We expect this additional information to eliminate the TOF bias, 

and reduce the effect of alignment inaccuracy in the reconstruction.  

5.4 Effect of Alignment error  

As described in the previous chapters, the two probes cannot be perfectly aligned and 

always have some misalignment. In this section, we investigate the effect of the typical 

range of alignment errors as quantified in the previous chapters on the reconstructed im-

age. As shown in Figure 5.2, the alignment errors can be decomposed into 6 DOF; 3 

translations and 3 rotations; 3 in-plane and 3 out-of-plane. In all cases, one of the probes 

is fixed (e.g. the transmitter), and the other probe translates or rotates to create misalign-

ment. 
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Aligned accurately  

 
In-plane lateral translation error 

 
In-plane axial translation error 

 
Out-of-plane elevational 

translation error 

 
In-plane rotational error 

 
Out-of-plane rotational error 

 
Out-of-plane twist 

Figure 5.2. Alignment errors decomposed into 3 translations and 3 rotations; 3 in-plane and 3 out-of-plane. 

In translations, the error is considered as the translation of the center of probe tips; 

and in rotations, the probe tip plane is rotated about the probe tip center line. Here, we 

only investigate the effect of in-plane translational and rotational errors on the recon-

structed image. Assuming, US signal is transmitted in all directions, and the receiver sen-

sitivity is equal in all directions (not true in conventional US probes), the out-of-plane 

rotational error does not have any effect on the reconstruction because it does not change 

the location of the elements, but their direction. Considering the same assumption, the 

effect of out-of-plane elevational translation is similar to in-plane axial error. The effect 

of out-of-plane twist can be investigated similar to in-plane errors but requires the con-

struction of system matrix in 3 dimensions. 

d 

d 
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In this section, we use the Pinv method as the default method of reconstruction. To 

compensate for incomplete tomographic data and possible noise/error, we also test a total 

variation (Lustig, 2014) with conjugate gradient regularization algorithm (TVCG and 

Diff-TVCG). A ground-truth image was created by assigning SOS of 1540 m/s for back-

ground and 1490 m/s for a circular area with diameter 6 mm centered at [-5,0,12] mm in 

the image. The transmitting and receiving probes are assumed to be at the top and bottom 

of the image. The system matrix was reconstructed by considering 64 transmitting, and 

64 receiving elements, each with 30 mm lateral length, and positioned at an axial distance 

of 30 mm (we assumed half of real probe dimensions for faster simulations). The ground-

truth image is shown in Figure 5.3. The pixel intensities represent slowness for SOS 

range from 1450 to 1550 m/s visualized using grayscale colormap.  

The reconstructed SOS in the non-difference or difference methods are similar 

when no noise exists. However, the regularized images have a more uniform estimated 

SOS in the background but have shadows around the reconstructed circular area. As 

 

Figure 5.3. Ground-truth and reconstructed images without any inaccuracies or noise. The pixel intensi-

ties represent the slowness; the SOS is 1540 m/s in the background and 1490 in the circle of interest. 

Groundtruth Reconstructed Diff-Reconstructed

Reconstructed Diff-Reconstructed TVCG Diff-TVCG

Groundtruth Reconstructed Diff-Reconstructed

Reconstructed Diff-Reconstructed TVCG Diff-TVCG
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shown in Figure 5.4, the non-difference algorithms are very sensitive to any alignment 

error. The difference algorithms, esp. Diff-TVR, is the most robust method.  

 

Figure 5.4. Effect of in-plane translational error on tomographic reconstruction for the expected range of 

errors.  

Another source of misalignment is the in-plane rotational error. Fixing the transmit-

ter location, the receiver probe may be rotated in-plane. Figure 5.5 shows the effect of 

 

(a) 

 

(b) 

Figure 5.5. Effect of in-plane rotational error on tomographic reconstruction for the expected range of 

errors. (a) 1 degree error, (b) 3 degrees error. 

Groundtruth Reconstructed Diff-Reconstructed

Reconstructed with error Diff-Reconstructed with error TVCG with error Diff-TVCG with error

Groundtruth Reconstructed Diff-Reconstructed

Reconstructed with error Diff-Reconstructed with error TVCG with error Diff-TVCG with error
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this type of error on the reconstructed image. Again, Diff-TVCG is the most robust meth-

od to the misalignment. In addition, comparing Figure 5.4 and Figure 5.5 demonstrates 

that the effect of translational error is more significant than the rotational error and also 

the effect of lateral error is more significant than axial error. However, due to incomplete 

tomography, even when no alignment error exists, reconstruction might be inaccurate. In 

next section, we thoroughly investigate the effect of data incompleteness on reconstruc-

tion and compare more methods of reconstruction. 

5.5 Limited Angle tomography (US tomosynthesis) 

When two aligned identical linear US probes are used to collect data, one as trans-

mitter and another as receiver, and the probes are not rotated to collect data from another 

viewing angle, the set of available tomographic data does not form a full-angle tomo-

graphic data. The tomographic problem in this case is called limited angle tomography. 

In the field of x-ray computer tomography (CT) imaging, limited angle tomography is 

known as tomosynthesis, a terminology used to describe a low-dose alternative to full 

  

Figure 5.6. The tomosynthesis angle 𝜃 which represents the amount of data incompleteness for tomograph-

ic reconstruction. (a) 𝜃 is the angle between the two lines; one connecting center elements, and the other 

connecting farthest elements of transmitter and receiver. (b) 𝜃 as a function of axial distance and probe 

length. 
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angle CT, limited angle x-ray imaging, mainly using two aligned plates of source and 

detector. The two aligned probes configuration in the case of US tomography resembles 

that of tomosynthesis and hence we call it US tomosynthesis.  

The following parameters determine the availability of the tomographic data for US 

tomosynthesis reconstruction: distance between the probes, length of the probes, and 

number of US elements linearly distributed in each probe, and the location of the pixel(s) 

of interest. The angle shown in Figure 5.6 as 𝜃, called tomosynthesis angle, determines 

the amount of tomographic data available for reconstruction. Assuming the receiver and 

transmitter probes are aligned and have the same length, 𝜃 is defined as the angle be-

tween two lines: 1. The line connecting center of transmitter and receiver, 2. The line 

connecting the farthest elements in the two probes. The larger this angel, the more inde-

pendent number of equations are available to reconstruct the image. 𝜃 is a function of two 

of the above mentioned parameters: 

𝜃 = atan (
𝐿

𝑑
), 

 
Figure 5.7. Number of rays passing through pixels visualized from blue to red representing lower to higher 

number of rays respectively. It can be seen that pixels on the side edges get the lowest number of rays. 

Transmitter and receiver are assumed to be on top and bottom with length of 60 mm, and distance of 40 

mm. 
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Where 𝐿 is the probe length, and 𝑑 is the axial distance between the two probes. 

In addition to the tomographic angle, in the US tomosynthesis setup, the pixel location is 

important in how accurate its value can be estimated. For example, pixels on the edges of 

the image are less likely to be accurate than the ones in the center because as demonstrat-

ed in Figure 5.7, the number of rays that pass through the center pixels is higher. 

In addition, we will show using a conventional weighted backprojection method that the 

tomosynthesized image suffers from low axial information which causes lesions to have a 

larger than reality axial (or depth) footprint in the image. 

 
(a)  

(b) 

Figure 5.9. Reconstructed images; (a) backprojection reconstruction. (b) TVCG reconstruction.  

In the next section, we look at the effect of limited data on solving for the image in 

several simple scenarios. We consider a phantom with three different SOS’s, namely 

1010, 1200, and 1490 m/s (Figure 5.8) resembling that of ecoflex, alcohol , and water. 

Each probe has 128 transducers arranged in 60 mm probe length. First, two linear probes 
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Figure 5.8. Simulation phantom and transmitter/receiver locations. Green lines show the position of re-

ceiver probes while yellow line shows the position of transmitter probe. (a) single view: transmitters on 

top, receivers in the bottom. (b) three views: transmitters on top, receivers on sides and bottom.  
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are simulated on top and bottom of the phantom. All the elements on the top probe are 

transmitters while all on the bottom are receivers (single view case). Then, we simulate a 

case where the receiver probe moves to three locations: bottom, right, and left (multi 

view case). To better describe the effect of data incompleteness we also simulate a virtu-

ally infinite-length probe and compare its result with the single view case. The (almost) 

infinite length was created by defining US elements every 1-degree pitch and for -89 to 

89 degrees range while the angle corresponding to each element is defined as the tomo-

synthesis angle, 𝜃 assuming that element is the farthest element. 

Given the TOF information and the system matrix, we are interested in reconstruct-

ing the image, i.e., finding the vector 𝑋, that satisfies equation (5.1). Figure 5.9 shows the 

reconstructed images using backprojection and TV conjugate gradient (CG) methods. As 

mentioned before, the backprojected image clearly shows the missing depth information 

in the image that resulted in elongated lesions. Here, the TVCG produced similar images 

to CG algorithm; and because in regularized methods, the produced image quality de-

 

(a) Single view 

 

(b) Multiple views 

Figure 5.10. Comparison of different methods to solve reconstruction. Top row shows pseudo-inverse and 

difference-pseudo-inverse methods. Middle row shows conjugate gradient and difference-conjugate-

gradient methods. Bottom row shows expectation maximization and difference-expectation-maximization 

methods. 
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pends on how piecewise homogenous the object is, we only test CG algorithm to distin-

guish the effect of limited data from object properties. Figure 5.10 shows the reconstruct-

ed images obtained using all other methods mentioned in the previous section without 

noise or inaccuracy in the system: Pseudo-inverse(Pinv), conjugate gradient (CG), and 

expectation maximization (EM). 

Figure 5.10 (b) shows reconstruction results when there is a transmitting probe on 

top and the receiver probe moves to three locations. It can be seen that multi-view ap-

proach results in an improvement over single view. In this case, Pinv methods could su-

periorly reconstruct the image because of relative completeness of data. The red pixels on 

the lower part of the Pinv method is due to lack of any information in that region; in other 

words, no ray passes through the pixels in that area. This phenomenon does not appear in 

the iterative methods because initial values were set for those pixels.  

We compute bias, noise, and contrast to evaluate the images. The following equa-

tions are used to compute these parameters: 

𝐵 =  𝑚𝑒𝑎𝑛(𝑃𝑅)–  𝑚𝑒𝑎𝑛(𝑃𝐺), (5.3) 

𝐶 =
𝑚𝑒𝑎𝑛(𝑃𝐿)

𝑚𝑒𝑎𝑛(𝑃𝐵𝐺)
 , (5.4) 

 𝑃𝐶 =
𝐶𝑅 − 1

𝐶𝐺 − 1
×100 , (5.5) 

𝑁 = 𝑠𝑡𝑑(𝑃𝐵𝐺), (5.6)  

where 𝐵, 𝐶, 𝑃𝐶, 𝑁 are bias, contrast, percent-contrast, and noise respectively; 𝑃𝑅, 

and 𝑃𝐺  are reconstructed pixels and ground-truth values (for a determined region such as 

lesion or background) respectively; 𝑃𝐿, and 𝑃𝐵𝐺  are pixel values inside lesion and back-
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ground respectively; and 𝐶𝑅 and 𝐶𝐺 are contrast values calculated for reconstructed image 

and ground-truth respectively. Table 5.3 compares bias, noise, and percent contrast for 

different methods.  

Table 5.3. Bias, noise, contrast, and percent-contrast for different methods of reconstruction. For iterative 

methods, number of iterations is 30. 

An observation inferred from Table 5.3 is that even though it provided the best re-

sults in single view condition, the Diff-EM method can lead to higher than 100% con-

trast. This extra contrast is also a phenomenon caused by the incompleteness of available 

tomographic data. In addition, increasing the length of the probes, while keeping them in 

the one-view configuration, can increase the amount of available data and lead to better 

results. Figure 5.11 and Figure 5.12 demonstrate this by comparing results using a pair of 

6cm versus infinitely long probes. The results show bias, contrast, and noise for the sin-

gle view case as a function of iterations, when reconstructing using the Diff-EM method.  

 

   Pseudo Diff-Pseudo CG Diff-CG EM Diff-EM 

S
in

g
le

 

v
ie

w
 

Bias 

(m/s) 

Water -126.96 -126.96 -179.05 -179.19 -230.75 86.18 

Alcohol -76.73 -76.73 -95.33 -95.20 -98.19 18.79 

Background 19.29 19.29 15.62 16.00 26.85 0.025 

Percent 

Contrast 

Water 68.23 68.23 58.54 58.51 45.13 117.95 

Alcohol 48.54 48.54 40.97 41.05 33.30 109.87 

Noise 24.71 24.71 25.91 25.85 38.63 0.05 

M
u

lt
i 

v
ie

w
 

Bias 

(m/s) 

Water 0 0 -95.30 -93.63 -178.97 73.25 

Alcohol 0 0 -70.7282 -70.11 -76.19 25.55 

Background 0 0 6.66 6.25 26.12 0.17 

Percent 

Contrast 

Water 100 100 78.24 78.71 55.83 115.20 

Alcohol 100 100 58.88 59.44 44.99 113.34 

Noise 0 0 23.20 23.22 19.66 0.69 
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(a) 

 
(b) 

 

(c) 

 

(d) 

Figure 5.11. Bias, contrast, and noise as a function of iterations, using a pair of 6cm probes in single view 

configuration for Diff-EM method. (a) reconstructed image and the regions used to calculate the three pa-

rameters. Red dots show pixels used as inside water, green dots show inside alcohol region, and black dots 

show sample pixels selected as background. (b) bias as a function of iterations. Bias for water and alcohol 

hits zero around 18th iteration and then increases and levels off. (c) percent-contrast versus iteration. Like-

wise, at around 18th iteration the contrast hits 100% and then increases. (d) Background noise decreases as a 

function of iteration and stays at zero. 

5.6 Effect of Time of flight noise/error 

The received US waveform always contains some kind of noise/error. The sources 

of error and noise include:  

TOF error: TOF bias due to a constant delay in trigger, 

Waveform noise: electrical and mechanical noise that alter the received waveform 

in a random way. These kinds of noise contribute to TOF picking noise. 
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(a) 
 

(b) 

 

(c) 

 

(d) 

Figure 5.12. Bias, contrast, and noise as functions of iteration, using a pair of infinite length probes in sin-

gle view configuration for Diff-EM method. (a) reconstructed image and the regions used to calculate the 

three parameters. Red dots show pixels used as inside water, green dots show inside alcohol region, and 

black dots show sample pixels selected as background. (b) bias as a function of iterations. Bias for water 

and alcohol hits zero around 18th iteration and stays at zero. (c) percent-contrast also reaches 100 around 

18th and levels off. (d) Background noise decreases as a function of iteration and stays at zero. 

TOF picking noise: inconsistency of the picking methods (existing in both manual 

and automated TOF picking methods but more significant in automated ones due to 

waveform noise). 
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Figure 5.13. Simulated TOF map. Left: the simulated phantom’s TOF color map as a function of transmit-

ter and receiver numbers. Maximum TOFs happen between farthest elements (elements 1 and 128 of the 

transmitter/receiver). Right: TOF map when only background phantom is simulated between transmitter 

and receiver. Top: without any noise or bias. Middle row: TOF maps when 10% bias is added to both 

TOFs. Bottom row: Added Gaussian noise with mean 0 and standard deviation of 2% of the maximum 

TOF. 

TOF bias is canceled using Diff methods as a result of using the background TOF. 

Figure 5.13 middle row shows the effect of adding a bias of equal to 10% of the maxi-

mum TOF for the simulated setup explained in previous section (single-view case) on 

TOF map and Figure 5.14 shows the reconstruction results. It can be seen that Diff meth-

ods compensate for bias in TOF.  
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Figure 5.14. Effect of TOF bias on reconstruction. In Diff methods, the bias is compensated because it also 

exists in the background TOF.  

The effect of both waveform and TOF picking noise can be investigated by adding 

random noise to the TOF measurements. The reconstruction tolerance is less in case of 

noise than bias. Figure 5.13 bottom row shows the effect of adding Gaussian noise with 

standard deviation of 2% of the maximum TOF. Figure 5.15 shows the reconstructed im-

ages with this kind of added noise. The Pseudo-inverse method could not produce an ac-

ceptable image. Except for the EM, all iterative methods, produced significant noise cov-

ering all the image, after a few iterations. Hence, in the bottom of the figure, the results 

with 5 iterations are shown. The reason is that, since the data is noisy, the image whose 

forward projection is that noisy data, should itself be noisy. Hence, when the algorithm is 

getting closer to the solution, it converges to a highly noisy image. In case of TOF noise, 

it is very important to determine the optimal number of iterations or filter noise as much 

as possible. One reason that Diff-EM image’s noise increases with a faster rate than EM 

can be that Diff-EM converges faster. 
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(a) 

 

(b) 

Figure 5.15. Effect of adding Gaussian noise with standard deviation of 2% of the maximum TOF. (a) 

When the TOF data is noisy, the noise in the reconstructed image increases with the number of iterations. 

EM is most robust to this phenomenon. (b) The reconstruction with the same amount of noise but with only 

5 number of iterations for iterative methods; Diff-EM has a better contrast than EM. 

5.7 Experimental study 

In this section, we show the results of reconstruction for an experimental phantom. 

The goal is to investigate the feasibility of distinguishing between different SOS’s using 
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US transmission data collected from two conventional US probes that are aligned with 

millimeter range inaccuracy. It should be noted that the data is collected from a single 

view. 

5.7.1 Experiment setup 

We made a phantom with three different materials. The main body of the phantom 

is made of silicone ecoflex 10 with 1010 m/s SOS. It was made using an 80x40 mm cubic 

mold (shown in Figure 5.16(a)) made of acrylic sheets. Using two 3D printed cylinders 

with diameters 16 cm and 10 mm in the mold, two cylindrical cavities were created in the 

main body of the phantom and filled with water and alcohol respectively (1480 and 1200 

m/s SOS’s).  

Another phantom was also made that only contained the ecoflex material as the 

background phantom. Two Ultrasonix 128 array, 60 mm US probes were used to scan the 

phantom from two sides as shown in Figure 5.16(b). We aligned the probes using the two 

robotic arms. One probe was connected to an Ultrasonix US Touch machine. On the US 

 

(a) 
 

(b) 
Figure 5.16. Experimental setup: (a) The phantom mold CAD model. The mold was made using laser cut 

acrylic pieces. Annotated dimensions are in units of mm. (b) the phantom is placed between two US 

probes that are aligned using two UR5 robotic arms. 

receiver 

transmitter 

origins 
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machine the clinical software was used to set the US probe in transmit mode. The other 

probe was connected to an Ultrasonix data acquisition device (DAQ).  

5.7.2 Experimental results 

First, we scanned the main phantom using the first probe; then the robotic arm was 

moved to the aligned position, and tomographic data was collected. Without moving the 

probes, we removed the phantom, inserted the background phantom, and repeated the 

data collection process. Since the robots were not calibrated very well, we used the TOF 

in background phantom to estimate the distance between two probes, which was estimat-

ed as 36 mm. After collecting all the waveforms, the TOF was manually picked. The sys-

tem matrix was also constructed using the probes’ geometrical information and distance 

between the probes. The B-mode image as seen by the transmitter probe is shown in Fig-

ure 5.17(a). 

Since the Diff-EM method performed best for the single view simulation, we re-

constructed the image using this method. The resulting image is shown in Figure 5.17(b). 

Figure 5.18 shows the bias, percent contrast, and noise versus number of iterations. 

 

(a) 

 

(b) 

Figure 5.17. (a) B-mode image from transmitter probe. (b) Diff-EM reconstruction with dynamic range 

[1010,1500], at iteration 100. 

Water  
Alcohol 

Alcohol Water  
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(a)  

(b) 

 
(c) 

 
(d) 

Figure 5.18. Experimental results of single view reconstruction using Diff-EM method. (a) The regions 

used to calculate the three parameters. Red dots show inside water region, green dots depict inside alcohol, 

and black dots show the background regions. (b) The bias in calculating water SOS hits zero at iteration 

40th and then increases while the one for alcohol never reaches zero. (c) Similar to simulation, at 40 th itera-

tion, water contrast increases artificially; percent contrast in alcohol region does not reach 100% after 100 

iterations. (d) Noise decreases versus iteration. 

The experimental results, though they show a similar trend to the simulation re-

sults, depict larger bias and noise and lower percent contrast. The factors that have con-

tributed to this include error in probes alignment, and noise in TOF data. In addition, 

TOF picking is a challenging task. Another important contributing factor is the effect of 

refraction, i.e. the US wave does not travel a straight path.  

5.8 Straight-path model: pitfalls and remedies 

Here, we explored mathematical aspects/challenges of tomosynthesis problem giv-

en the limitations of the proposed US tomosynthesis system by focusing on the straight-

line wave propagation approximation. A more realistic model of US propagation can be 

considered, for simulation analysis, using the K-wave simulator (Treeby and Cox, 2010 

and Treeby et al., 2012). K-wave has a unique feature that distinguishes it from most of 
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other US simulators: It allows for defining a non-homogeneous medium and still simu-

lates an accurate US propagation model. 

(a) 𝑡1 
(b) 𝑡2 

(c) 𝑡3 
(d) 𝑡4 

Figure 5.19. US wave propagation from a single point source (shown in (a)) and visualized by K-wave 

simulator at four different time instances (𝑡1 < 𝑡2 < 𝑡3 < 𝑡4). The black line shows a linear 128-array of 

receivers and has 46 mm distance from the point source. The medium is shown in Figure 5.20(a). 

As an example, in Figure 5.19, the US pressure wave propagation from a point 

source to a line of 128 receiver elements is shown at two different times. It can be seen 

how complex the wave propagation can be. The object SOS map is shown in Figure 5.20 

while its density was defined as 1040. The arrival time estimated by the straight-ray as-
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sumption is shown on top of the synthesized waveform by K-wave simulator in Figure 

5.20(b). In addition, the TOFs were picked using a proposed center of mass (COM) 

method, visualized as green in the figure together with the ground-truth TOF based on 

straight-path model in magenta. The COM TOF is calculated using the following equa-

tion: 

𝑡𝐶𝑂𝑀 =
∫ 𝑡 𝑠2(𝑡) 𝑑𝑡 

𝑡

∫ 𝑠2(𝑡) 𝑑𝑡
𝑡

 

where s(t) is the received waveform as a function of time, 𝑡. More details about COM 

will be provided in Chapter 6. An interesting observation inferred from Figure 5.20(b) is 

that the COM method of picking the TOF has remedied the inaccuracy of the straight-

path model. In fact, a manual TOF picker would have picked the first time of arrival, 

which is where the blue color is more intense (difficult to determine in the transition ar-

ea). However, since we modeled the US wave propagation as straight-path and solved it 

based on this assumption, the COM method of picking the TOF is a better match to the 

TOF that creates the ground-truth image using our methods. 

 

 

 



 133 

 

(a) 

 

(b) 

Figure 5.20. (a) The SOS map of the object used in the K-wave simulation shown in Figure 5.19. The index 

number shows the SOS value in m/s. (b) The pressure US signal received by the 128 receiving elements 

visualized in blue color; the receiver numbers are scaled by a factor of 0.006 for better visualization. The 

green circles show the estimated TOFs using the straight-ray approximation and the magenta circles visual-

ize the TOFs picked on the blue signals using an automatic center of mass method. 

5.9 Discussions 

In this chapter, various methods of formulating the reconstruction problems were 

provided. We focused on straight-ray approximation of the US wave propagation. Build-

ing upon the straight-ray formulation, different methods of solving for the image were 

elaborated on and compared in different scenarios. It was shown that the inaccuracy of 

the straight-path model, when using the explained methods of reconstruction, can be rem-

edied to some extent by center of mass TOF picking. Alternatively, the methods shown in 

Table 5.1 can be explored as a future step.  

The EM algorithm provided here was borrowed from emission tomography; while 

it can provide improved results by exploring other probability distributions matching the 

transmission US statistics. 

In an effort to investigate how a setup can be optimized to produce more accurate 

reconstructed images, different parameters were elaborated on that determine the proper-

Transition Area 
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ties of the tomosynthesis problem. Longer probe lengths, more angular views of tomo-

graphic data, and less distance between the transmitters and receivers are some of the 

important aspects to consider optimizing, given the limitations of the application. In addi-

tion, it was shown that in the case of tomosynthesis, a greater number of iterations is not 

always desired, because it can lead to higher noise in the image (in case the TOF data is 

noisy), artificial contrast, and more bias. Adding more constraints to the problem (e.g., 

regularization) can help alleviate this issue. Huthwaite et al. (2013) and Hooi and Carson 

(2014) provide methods of reconstruction that can improve upon the effect of data in-

completeness. 

Since a robotic/tracked setup may be used to conveniently align two conventional 

US probes, it is of great importance to see how the alignment and measurement error can 

alter the resulting SOS map. Several scenarios were described and demonstrated to elabo-

rate on this aspect. Figure 5.21 summarizes all sources of error and noise in a typical US 

tomosynthesis setup. Collecting the background data when the transmitting and receiving 

probes are at the exact relative locations adds to the complexity of the setup and proce-

dure; however, it can eliminate the TOF bias and reduce the effect of alignment error. 

 
Figure 5.21. A flowchart of different modules of the US tomosynthesis setup and sources of noise/error. 

In this chapter, the focus was mainly on SOS reconstruction. However, most of 

what was discussed is similarly applicable to attenuation reconstruction. The combination 

of SOS and attenuation map can provide two valuable features for tissue classification. A 
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study in the specific case of breast lesion classifications showed that combining these two 

kinds of images can effectively differentiate between normal, benign, and malignant tis-

sue (Greenleaf and Bahn, 1981). 

In this chapter, we elaborated on the image reconstruction for the two aligned US probes’ 

setup with no specific application. In the next chapter, we investigate a potential clinical 

application of this methodology and provide details of experimental image reconstruc-

tion.  
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Chapter 6     Prostate US tomosynthesis 

In this chapter, an US tomosynthesis imaging, referred to as (USTS), is proposed 

for prostate imaging which may improve detection, localization, or characterization of 

cancerous prostate tissue. Biopsy under B-mode transrectal US (TRUS) is the gold stand-

ard for prostate cancer diagnosis. However, B-mode US shows only the boundary of the 

prostate, therefore biopsy is performed in a blind fashion, resulting in many false nega-

tives. Although MRI or TRUS-MRI fusion is more sensitive and specific, it may not be 

readily available across a broad population, and may be cost prohibitive. In this chapter, 

we develop a setup and a technique to enable ex vivo USTS imaging of human prostate 

immediately after prostatectomy.  

It should be noted that part of this chapter is accepted for publication in Aalamifar 

et al., 2016c. Other than my supervisors, I have collaborated with the Center for Interven-

tional Oncology at National Institutes of Health, Bethesda, Maryland under supervision 

of Dr. Bradford Wood to accomplish the work written in this chapter. Dr. Reza Seifabadi 

provided mentorship in the overall project including idea generation and evaluations, me-

chanical design and manufacturing, and ex vivo studies. Dr. Marcelino Bernardo provided 

the CAD files of the prostate and 3D printed mold for phantom study. Ayele H. Negussie 

built the US friendly phantoms. Dr. Baris Turkbey provided the MRI images and consul-

tation as the radiology expert; and mentored Francesca Mertan who provided CAD files 

for ex vivo study. Dr. Maria Merino provided pathology consultation. Dr. Peter Pinto was 

the prostatectomy surgeon; provided consultation as the surgeon, and the prostate tissue.  
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6.1 Introduction 

Prostate cancer is the most common male cancer in the United States with an esti-

mated 180,890 new cases and 26,120 deaths in 2016 (Siegel et al., 2016). A key to sur-

vival and to avoid over-treatment is early detection, and accurate characterization (Labrie 

et al., 1999). Systematic sextant biopsies under TRUS guidance have been the gold 

standard technique since the 1980’s (Durkan et al., 2002).  TRUS is real-time, relatively 

low cost, and shows the prostate capsule and boundaries. However, it suffers from poor 

spatial resolution, subjectivity, and low sensitivity for cancer detection (40-60% (Imani et 

al., 2015a)).  

MRI is the superior imaging modality for visualizing the prostate gland, nerve bun-

dles, and clinically-relevant cancer. However, real-time MRI is challenging, requires spe-

cialized costly equipment, and in-gantry prostate biopsy is time and resource-intensive 

and impractical to apply across a broad population. Fusion of TRUS and multi-parametric 

MRI takes advantage of the strengths of both imaging modalities. In fusion-guided biop-

sy, targeting information is solely dependent on MR images (Imani et al., 2015a). Even 

though US-MRI fusion guided biopsy has shown to be highly sensitive to detect higher-

grade cancer, it still suffers from high false positives for lower-grade cancers, resulting in 

unnecessary biopsies (Imani et al., 2015a). Also, MRI is expensive and less available to 

the broad population.  

Some US based technologies have recently been proposed to address this clinical 

need in addition to MRI-US fusion, including elastography (Correas et al., 2013), dop-

pler, and US tissue characterization (Imani et al., 2015b). Although several studies re-

ported significant improvement in prostate cancer identification with quasi-static elas-
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tography, there are still some limitations in reproducibility, subjectivity, and the inability 

of this method to differentiate cancer from chronic prostatitis (Correas et al., 2013). Time 

series analysis (Imani et al., 2015b) is an interesting new machine learning technique to 

perform the tissue characterization and has recently shown promising results for marking 

cancerous areas of prostate using the US RF image (Imani et al., 2015b). This machine 

learning method is still based on a post-processing of reflection data.  

USTS is a fundamentally new dimension of US imaging as it is based on transmis-

sion properties of US signals. USTS can be used to reconstruct the prostate volume’s 

acoustic properties such as SOS, attenuation, and spectral scattering maps. This infor-

mation may theoretically be able to differentiate among different tissue types, including 

cancerous tissues.  

Most of the current transmission US systems (e.g. the work by Duric et al., 2015; 

and Huang et al., 2015) are designed and tested for the breast, since it is an easy target to 

scan in a small water tank. Leveraging these recent findings, we propose a method to fur-

ther this technology to prostate cancer diagnosis and screening utilizing robotic technolo-

gy. Ex vivo modeling is requisite prior to evaluating prostate USTS in vivo. The first step 

is to evaluate the feasibility of USTS in prostate cancer detection in a controlled benchtop 

environment, to understand the potential of this technology. Therefore, in this chapter, 

after explaining the proposed setup for in vivo case, we focus on modeling and develop-

ing a system and method for ex vivo prostate USTS. We then evaluate the ex vivo setup 

with a mock prostate with lesions having comparable SOS; we conclude this chapter with 

preliminary ex vivo results and some suggestions about the future directions. 
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6.2 Proposed setup 

To enable USTS for prostate imaging, two probes should have the prostate in their 

FOV so that they can transmit-receive the US signals that travel through the prostate tis-

sue. In this concept, as shown in Figure 6.1, a bi-plane or tri-plane TRUS probe resides in 

the rectum, and a linear/curved array transducer resides on the abdomen/pelvis, using the 

bladder as an acoustic window to the prostate. The abdominal probe may be adjusted to 

avoid the pubic arch bony structure and can be aligned with the TRUS probe using a co-

robotic setup similar to the ones proposed in Chapters 2 and 3.  

 
  

(a) (b) (c) 

Figure 6.1. (a) Prostate US tomosynthesis concept: a bi/tri-plane TRUS probe is placed into the 

rectum and a linear/curved array transducer is placed on patient’s abdomen; (b) Sagittal USTS im-

aging, (c) axial USTS imaging. The abdominal probe might need to be tilted to avoid the pubic 

arch. 

Each of the transrectal and transabdominal probes can have different shapes and 

sizes and may be aligned sagittally or axially. The geometries that are created by these 

different cases affect how well the mathematical problem can be solved. Hence, we se-

lected two types of transrectal Ultrasonix probes and two types of abdominal probes 

(specifications found in Ultrasonix Medical Corporation, 2016) and used the simulation 

method explained in Chapter 5 to visualize how a sample image can be reconstructed. 

Table 6.1 summarizes the characteristics of these probes. It should be noted that, for sim-

plicity, the simulated geometry is based on the assumption that we can transmit signal 
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from elements one by one; rather than the default two by two available on Ultrasonix ma-

chines.  

Table 6.1. Specifications of four different probes that can be used for prostate USTS (Ultrasonix Medical 

Corporation, 2016); for the transrectal microconvex probe, the actual pitch of 0.205 mm (used here) was 

rounded to 0.21mm in the document. 

Probe type Specifications 

T
ran

srectal b
ip

lan
e 

BPC8-4/10 Microconvex 

 

Used as: Receiver on the bottom of the image 

Curvature radius: 10mm 

Pitch: 0.205 mm 

# of elements: 128 

Maximum depth: 12 cm 

BPL9-5/55 Linear 

 

Used as: Receiver on the bottom of the image 

Pitch: 0.43 mm 

# of elements: 128 

Maximum depth: 9 cm 

A
b

d
o

m
in

al p
ro

b
es 

Curved array: C5-2/60 convex transducer 

 

Used as: Transmitter on top of the image 

Curvature radius: 61mm 

Pitch: 0.47 mm 

# of elements: 128 

Maximum depth: 30 cm 

L14-5W/60 Linear transducer 

 

Used as: Transmitter on top of the image 

Pitch: 0.46 mm 

# of elements: 128 

Maximum depth: 9 cm 
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When implementing the 4 different possible combinations, it was always assumed 

that the closest element between the probes have a distance of 100mm. The ground truth 

phantom was created to have a 3x4 cm elliptical prostate gland with SOS of 1614 m/s 

located at (x=0,z=70) mm of the image (lateral direction is considered as x-axis and axial 

direction as z-axis); two lesions with SOS’s 1584m/s and 1572m/s (based on Tanoue et 

al., 2011) located at (-10,70) mm and (5,80) mm; with sizes of 5 and 10 mm in diameter 

respectively; and SOS of 1540 m/s in other areas. Figure 6.2-Figure 6.5 show the recon-

struction results for all cases.  

 

Transmitter and receiver are visu-

alized as yellow and green curves 

respectively. 

 

(b) left: CG; Right: Diff-CG. 

 

(c) left: EM; Right: Diff-EM. 

Figure 6.2. Simulation reconstruction results when curvey probes are used as both transmitter and receiver. 

(a) ground truth image (b-c) reconstructed images. 
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Transmitter and receiver are vis-

ualized as yellow curve and green 

line respectively. 

 

(b) left: CG; Right: Diff-CG. 

 

(c) left: EM; Right: Diff-EM. 

Figure 6.3. Simulation reconstruction results when curvey probe is used as transmitter and linear probe as 

receiver. (a) ground truth image (b-c) reconstructed images. 

 

Transmitter and receiver are visu-

alized as yellow and green lines re-

spectively. 

 

(b) left: CG; Right: Diff-CG. 

 

(c) left: EM; Right: Diff-EM. 

Figure 6.4. Simulation reconstruction results when linear probes are used as both transmitter and receiver. 

(a) ground truth image (b-c) reconstructed images. 



 143 

 

Transmitter and receiver are visu-

alized as yellow line and green curve 

respectively. 

 

(b) left: CG; Right: Diff-CG. 

 

(c) left: EM; Right: Diff-EM. 

Figure 6.5. Simulation reconstruction results when linear probe is used as transmitter and curvy one as 

receiver. (a) ground truth image (b-c) reconstructed images. 

 

In general, CG method seems most robust to the increased distance between the 

probes as it still shows the lesions in all cases. The EM method has better performance 

when the linear transrectal probe is used. The reason is that, because the prostate is ana-

tomically closer to the transrectal probe, a wider insonification angle is desired at the rec-

tum side. Additionally, it can be seen that a small part at two sides of the prostate could 

not be covered when microconvex transrectal probe was used. 

The above figures mostly show the detectability of a lesion. In order to quantita-

tively investigate the boundaries of success, we considered the two linear probes case 

with one lesion in a uniform background and computed the reconstructed lesion proper-

ties by varying lesion location, size, and contrast with the background. In the first case, 

the distance between the probes was set as 60mm yielding a 60x60mm image. Other set-

tings were similar to the above simulation and the number of iterations were 50 in all cas-
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es. Three parameters were used to quantify the reconstruction quality: percent bias, per-

cent bias in size, and percent contrast.  

 

(1) 

 

(4) 

 

(7) 

 

(2) 

 

(5) 

 

(8) 

 

(3) 

 

(6) 

 

 

(9) 

Figure 6.6. 9 lesion locations used in the simulation. 

Percent bias is defined as the percentage of difference between average SOS value 

of reconstructed and ground-truth pixels inside the lesion over the ground-truth lesion 

SOS; percent bias in size is the percentage of number of pixels having reconstructed SOS 

value within 40% of the difference between lesion and background SOS values and clos-

er to the lesion SOS in a 20x20 mm square around the lesion over the number of pixels in 

the ground-truth lesion size; and percent contrast is as defined in equation 5.5. Figure 6.7-

Figure 6.9 respectively depict the percentage of bias in SOS calculation, percent bias in 

estimating lesion size, and percent contrast versus lesion size for two lesion contrast cases 

of 1% and 5%. Lesion contrast is defined as the percentage of difference between lesion 
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and background SOS value with respect to the background SOS value. The lesion loca-

tions corresponding to these figures are depicted in Figure 6.6. 

 

Figure 6.7. Percent bias (in SOS quantitation) versus lesion radius for two different lesion contrasts. 

Dashed line corresponds to 1% lesion contrast while solid line corresponds to 5% lesion contrast. The 9 

plots correspond to the 9 lesion locations shown in Figure 6.6. 
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Figure 6.8. Percent bias (in estimated lesion size) versus lesion radius for two different lesion contrasts. 

Dashed line corresponds to 1% lesion contrast while solid line corresponds to 5% lesion contrast. The 9 

plots correspond to the 9 lesion locations shown in Figure 6.6. 
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Figure 6.9. Percent contrast versus lesion radius for two different lesion contrasts. Dashed line corresponds 

to 1% lesion contrast while solid line corresponds to 5% lesion contrast. The 9 plots correspond to the 9 

lesion locations shown in Figure 6.6. 

In some cases the Diff-EM method yielded highly noisy lesions, which can be due 

to its faster convergence in comparison with EM and that all the plots are depicted at iter-

ation 50 which can be high when there is limited data. This happened more frequently at 

lower contrasts and is more dramatic at a higher number of iterations. In general, howev-

er, while EM has the lowest contrast and largest bias, Diff-EM has the highest contrast 

and lowest bias. Diff-CG has slightly better performance than CG. Larger lesions and 

higher contrasts yield more spread/blurring around the lesion, and this could be the rea-

son why bias and contrast are worse in larger lesion cases. As expected, the symmetric 
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ly noisy cases), i.e., lesion locations {1,3,7,9}, {4,6}, and {2,8} produced similar bias and 

contrast in the reconstructed images. 

Another interesting observation is that the bias is smaller for lower contrasts. This 

could be because the algorithms solve for an image whose pixel values vary within the 

background and lesion SOS values range. Hence, when the original contrast is smaller, 

the variation range is also smaller. In addition, in the ranges that were used in these simu-

lations, there is not much change in image quality by changing lesion location. However, 

when the distance between the probes is increased, this change can be seen more easily. 

Figure 6.10-Figure 6.12 show the same parameters versus distance between the probes 

while the lesion radius was fixed to 5mm. The lesion locations were kept fixed with re-

spect to the receiver, and the transmitter was moved up to create more distance between 

the probes. 
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Figure 6.10. Percent bias (in SOS quantitation) versus distance between the probes for two different lesion 

contrasts. Dashed line corresponds to 1% lesion contrast while solid line corresponds to 5% lesion contrast. 

The 9 plots correspond to the 9 lesion locations shown in Figure 6.6. 
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Figure 6.11. Percent bias (in estimated lesion size) versus distance between the probes for two different 

lesion contrasts. Dashed line corresponds to 1% lesion contrast while solid line corresponds to 5% lesion 

contrast. The 9 plots correspond to the 9 lesion locations shown in Figure 6.6. 
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Figure 6.12. Percent contrast versus distance between the probes for two different lesion contrasts. Dashed 

line corresponds to 1% lesion contrast while solid line corresponds to 5% lesion contrast. The 9 plots corre-

spond to the 9 lesion locations shown in Figure 6.6. 

In these figures, we observe poor performance (i.e. larger bias and lower percent 

contrast) as the distance between the probes increases. This is expected as larger distance 

between the probes yields narrower tomographic angle range, i.e., less tomographic cov-

erage available for reconstruction. This effect is more visible in the estimated lesion size 

(percent bias in size shown in Figure 6.11). In the 5% contrast case, Diff-EM performed 

better than other methods. This time due to asymmetry of the lesion locations at larger 

distances than 60mm, results are obviously different, for example, for locations 4 and 6. 

However, the symmetric locations on two sides yielded similar results. 
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6.3 Ex vivo setup and methods 

The first step to experimentally evaluate USTS for prostate cancer detection is to 

examine how a USTS setup can perform in a controlled ex vivo environment. In this sec-

tion, the setup that enables ex vivo studies with USTS setup is explained. 

6.3.1 System components 

For the ex vivo study, we propose a setup as depicted in Figure 6.14.  In this setup, 

two 128-array 6-cm linear US probes are precisely aligned using a mechanical stage 

shown in Figure 6.13. It should be noted that in the in vivo study, the linear transrectal 

probe, which has similar geometry to the linear abdominal probe, can be utilized. In this 

setup, the transmitting probe was connected to an Ultrasonix Sonixtoch scanner (Van-

couver, BC). As shown in Figure 6.14, the receiving probe was connected to an Ultra-

sonix Data Acquisition (DAQ) device, which can receive the US waveforms of 128 

channels in parallel with sampling frequency of 40 MHz 

 

Figure 6.13. The mechanical stage designed and implemented to align two 6cm linear probes for USTS 

imaging of ex vivo prostate tissue.  

The patient specific mold with the 

prostate tissue are inserted into this 

container with rubber windows 

Micro-stage to move the 

phantom up and down 
Micro-stages to adjust the 

distance between the probes 

for different phantom sizes 
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The distance between the probes is adjustable to provide sufficient acoustic win-

dow with contact against the scanned volume. The ex vivo prostate can be put inside a 

patient-specific, 3D printed, US friendly mold, whose 3D geometries are based upon 3D 

MRI data. More details about the mold will be provided in the next section.  

 

Figure 6.14. Components of the USTS system used for ex vivo prostate data collection. These compo-

nents are set up in pathology lab, where the prostate is delivered to, shortly after the prostatectomy. 

This mold is placed inside a container which has transparent rubber windows. A 

small amount of acoustic-transmitting liquid is injected to fill the gaps between the pros-

tate, mold, and container. The container is placed between the aligned probes, and its 

height is adjusted in order to scan different slices. The prostate is usually delivered to the 

pathology lab right after it is taken out of the patient body during the prostatectomy and 

inserted into formaline to get fixed before pathologists cut it into slices. Hence, for each 

DAQ to receive 
channel data 

SonixTouch machine to 
transmit US signal and 
acquire B-mode image 
from transmitting probe 

Prostate inside pa-
tient-specific mold 
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ex vivo study, we moved the whole setup to the pathology lab the same day the prostatec-

tomy procedure was done to scan the prostate before it was inserted into formalin. 

6.3.2 Patient specific mold 

MRI and histology are the ground-truths for comparison of the USTS image recon-

structed using this setup. The technique and test bed model were designed to enable di-

rect correlation with MRI and matching slices of correlative histology whole mounts. 

This technique was performed in two steps: first, a patient specific mold (as shown in 

Figure 6.15(a)) with grooves to guide histology knife is 3D printed. The grooves are 3 or 

6 mm apart and result in histology slices specifically custom designed to correspond to 

MR image slices (Turkbey et al., 2011). Second, the same mold is created using an US 

friendly material with marks indicating the corresponding slices to be scanned using the 

US probes. The US friendly mold was made from acrylamide gel with tissue mimicking 

property as reported previously (Negussie et al., 2016). The phantom does not decay, is 

rigid enough to hold the prostate, and has appropriate SOS close to that of the tissue. In 

order to make the mold, initially the prostate is segmented from the clinical MR image. 

This prostate volume is saved as a stereolithography (.stl) file and printed using a 3D 

printer (uprint, Stratasys).  
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(a) 

 

 

(b) 

 

(c) 

 

(d) 

Figure 6.15. (a) 3D printed mold that corresponds MRI slices to the pathology ones. The prostate is put 

inside this mold with the appropriate orientation and pathology knife is inserted into the grooves to cut the 

prostate into slices. (b) 3D printed prostate is inserted into another cubic mold to create an US friendly 

version of the mold shown in (a). (c) The patient-specific US friendly mold after solidified is cut into 

halves. (d) The prostate, extracted during prostatectomy is colored to annotate its orientation, and then in-

serted into the US friendly mold. The seminal vesicles are also cut beforehand. 

The 3D printed prostate was positioned inside a box at similar position and orienta-

tion compared to MRI 3D printed mold using guide rods as shown in Figure 6.15(b). 

Then, the acrylamide solution was poured into the box. After solidification, the rods were 

removed, and the mold was cut to remove the 3D printed prostate. Figure 6.15(c) shows 

the US friendly mold. The prostate can be put inside the mold cavity (Figure 6.15(d)) and 

the mold’s halves are adhered together. Then, the mold is inserted into a container 

(shown in Figure 6.14). The container holds the mold in place during the USTS scan, can 

be filled with liquid (saline was approved by the pathologist to be used with ex vivo pros-
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tate tissue) to fill the acoustically insulating air gaps between mold and prostate, and pro-

vides windows made of Mylar sheet to provide US transparency. The container is marked 

with lines that determine the slices that correspond to the MRI slices and to specify the 

appropriate orientation of the US friendly mold. 

For each experiment, the background image was collected by scanning a slice that 

only contains the acrylamide gel. The setup is designed such that the container can move 

up and down to collect US data corresponding to MRI slices. For each slice, the US B-

mode image from transmitter probe, and the channel data from receiver data were col-

lected for offline processing. 

6.3.3 TOF picking 

To calculate SOS, the first step is to extract the TOF from the received channel data 

corresponding to each transmit-receive pair. The US data collected contains 128 wave-

forms per transmitter, each corresponding to one receiver; and one image (slice) is calcu-

lated from 128 transmissions. Hence, for each slice, this sums up to 128×128 (=16384) 

TOF pickings. Due to the presence of noise, and multiple reflections and refractions, it is 

not possible to automate the TOF picking using simple methods such as thresholding. 

Here we tried two other automated methods: the improved Akaike information criterion 

TOF picker (called AIC method here; details can be found in Li et al., 2009b), and center 

of mass (COM).  

For each waveform (corresponding to one transmit-receive pair), the TOF using the 

COM method is calculated as follows: 

𝑡𝐶𝑂𝑀 =
∫ 𝑡 𝑠2(𝑡) 𝑑𝑡 

𝑡

∫ 𝑠2(𝑡) 𝑑𝑡
𝑡
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where 𝑠(𝑡) is the intensity of the received signal at time t. 𝑠(𝑡) is set to zero outside 

[𝑡𝑏𝑔 −
𝑤𝑙

2
, 𝑡𝑏𝑔 +

𝑤𝑙

2
], where 𝑡𝑏𝑔 is the estimated background TOF, and 𝑤𝑙 is the length of 

a window separating signal from noise and refractions.  

 

(a)  

 

 (b)  

Figure 6.16. Visualization of TOF matrix for an experimental phantom with uniform SOS of 1525 m/s; 

(a) using AIC method (𝑤𝑙 = 100, 𝑛 = 5, 𝑛𝑚 = 2, 𝑓 = 0.5); (b) using COM method (𝑤𝑙 = 100). Left: 

before median filtering; right: after median filtering 

AIC method uses 3 main steps to calculate the TOF for each waveform: 

1. Select a window (of size 𝑤𝑙) around the expected TOF and find AIC for all 

samples inside this window: 

𝐴𝐼𝐶(𝑘) = 𝑘 𝑙𝑜𝑔 (𝑣𝑎𝑟(𝑆(1: 𝑘)))

+ (𝑤𝑙 − 𝑘 − 1) log (𝑣𝑎𝑟(𝑆(𝑘 + 1: 𝑤𝑙))) , 𝑓𝑜𝑟 ∀𝑘 ∈ {1: 𝑤𝑙} 

where: 

𝑣𝑎𝑟(𝑆(𝑖: 𝑗)) =
1

𝑗−𝑖
Σ𝑙=𝑖

𝑗 ( 𝑆(𝑙) − 𝑚𝑒𝑎𝑛(𝑆(𝑖: 𝑗)) )2; 

yielding an AIC value for each sample. 

2. Find the sample with minimum AIC, and calculate a weighted average along its 

neighborhood (𝑛 samples indexed from 1 to 𝑛): 

𝑡𝐴𝐼𝐶 = Σ𝑖=1
𝑛 𝑤𝑖𝑡𝑖, 
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where: 

𝑤𝑖 =
𝑒

min(𝐴𝐼𝐶)−𝐴𝐼𝐶(𝑖)
2

Σ𝑟=1
𝑛 𝑒

min(𝐴𝐼𝐶)−𝐴𝐼𝐶(𝑟)
2

, 

yielding the TOF for one waveform. 

3. After finding 𝑡𝐴𝐼𝐶  for all waveforms of a slice, run the median filter on the 

128x128 matrix of TOFs. 

This method involves an additional step which benefits from the fact that the same 

TOF is expected when we exchange the transmitting and receiving roles in the pairs 

(called reciprocal pairs). However, since we did not collect the data from reciprocal pairs, 

it was not applied here. The following are the list of parameters that need to be deter-

mined for this method: 1. Window length, 𝑤𝑙; 2. Neighborhood length, 𝑛; 3. Median fil-

ter parameters, window size and scaling factor, 𝑛𝑚 and 𝑓 (Details omitted here for brevi-

ty; please refer to Li et al., 2009b for more information).  

  

Figure 6.17. Picked TOFs (& zoom-in on right) for the same data in Figure 6.16. Red: AIC, green: 

COM, yellow: estimated TOF. 
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Figure 6.18. Visualization of TOF matrix for the mock prostate phantom explained in next section using 

COM method (𝑤𝑙 = 100). Left: before median filtering; right: after median filtering, 𝑛𝑚 = 2, 𝑓 = 0.5. 

Some of the sharp edges are slightly smoothed out. 

To implement the median filtering on the matrix, shrinking window lengths were 

used at the matrix edges. Figure 6.16 shows an image of the TOF matrix for the two 

methods while Figure 6.17 shows a visualization of the TOF picked by each method 

overlaid on the received waveforms for one transmitter. In general, COM produced better 

results; the main reason being the existence of electrical noise very close to the TOF loca-

tion. In addition, as explained in Chapter 5, COM can remedy the inaccuracy of straight-

path model to some extent. Inferring from Figure 6.16(b) and Figure 6.18 it can be ob-

served that using the median filtering for the TOF matrix in COM method can be benefi-

cial. However, after testing the above methods with the experimental data, we concluded 

due to the high amount of noise existing in our data, and the high sensitivity of the recon-

struction algorithm to accuracy of the TOF data (an example shown in Figure 6.19), it is 
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still necessary to inspect the TOFs manually. Hence we implemented a semi-automatic 

method of TOF picking, which could reduce the average time of manual inspection for 

each slice from 20 to 3 hours. 

A MATLAB interface was implemented to pick the TOFs semi-automatically. The 

initial locations of the TOFs were estimated using the center of mass method. As shown 

in Figure 6.19, some of the waveforms contained electrical noise, or refracted delayed 

signals, which could result in miss-selection of the TOF. The MATLAB interface allows 

the user to correct for these miss-selections. 

 

 

Figure 6.19. A sample of picked TOF using COM method. Noise and multiple reflection/refractions does 

not allow for accurate automated TOF picking. Here, blue color shows waveforms acquired by each 

receiver from transmitter 97, and black dots show the TOF picked by COM method. The image background 

color is another representation of the waveform energies. 

The user should start correcting for the automatically picked TOF by dragging the 

receiver 128, and all remaining ones will update; the user can continue to correct receiver 

𝑖 and all receiver numbers less than 𝑖 will be updated as: 

𝑡𝑇𝑂𝐹(𝑖) =
𝑅𝑒𝑐𝑁𝑢𝑚𝑏𝑒𝑟(𝑖) − 𝑅𝑒𝑐𝑁𝑢𝑚𝑏𝑒𝑟(𝑖 + 1)

𝑚
+ 𝑡𝑇𝑂𝐹(𝑖 + 1) = −

1

𝑚
+ 𝑡𝑇𝑂𝐹(𝑖 + 1) 

where: 

𝑚 =  −
1

𝑡𝑇𝑂𝐹𝑒𝑠𝑡
(𝑖) − 𝑡𝑇𝑂𝐹𝑒𝑠𝑡

(𝑖 + 1)
 

Electrical noise 

Zoomed In 
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and 𝑡𝑇𝑂𝐹𝑒𝑠𝑡
 is calculated based on geometry and with the background SOS value; then, a 

narrow window of length 21 samples around the 𝑡𝑇𝑂𝐹 is be selected and the one with a 

peak of maximum amplitude is selected as the 𝑡𝑇𝑂𝐹 (here the signal pick is found and 

then offsetted to the beginning of the signal). Before moving receiver #128 the picked 

TOFs are shown as black points in Figure 6.20 while they are corrected to the ones 

shown in Figure 6.21 after the user drags the 128th point to the first signal pick in the 

waveform. 

 

 

Figure 6.20. Sample TOF (black points) initially picked using COM method and overlaid on the waveforms 

corresponding to one transmitter. The black points are interactive points and can be dragged by the user. 
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Figure 6.21. The updated TOF points after the user drags the 128th point to the first signal pick in the wave-

form. 

6.4 Experiments and results 

Before performing the ex vivo studies, we validated the overall system functionality 

using a mock prostate phantom.  

6.4.1 Mock prostate phantom study 

A patient’s prostate model segmented out of MRI slices was 3D printed to create 

the US friendly mold as explained in section 6.3.2. Then we filled the mold cavity with 

water (1480 m/s) and attached to the inner part of the mold a lesion made of plastisol 

(~1375 m/s). The container with the mold inside was placed between the aligned probes 

and their axial distance was adjusted using a caliper to 50 mm. US gel was applied to the 

probes’ tip to enhance the coupling and the center slice was chosen to do USTS data col-

lection. The US machine used for this study was the Ultrasonix Modulo, as shown in 

Figure 6.22, due to unavailability of the Sonix Touch machine at the time. The machine 
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was set to B-mode image acquisition mode with depth of 7 cm, US frequency of 5 MHz, 

and aperture size equal to 1 (equivalent to 2 elements in Ultrasoix machine) to enable 

sequential transmission of US waves. At this time, the prostate was printed with seminal 

vesicles as it was assumed that they cannot be cut out of the prostate before USTS scan; 

later it was approved by the surgeon that seminal vesicles can be cut before USTS scan 

but after coloring the prostate to mark the orientation. 

 

(a) 

 

 

(b) 

Figure 6.22. (a) USTS mock prostate study setup. The patient specific molds to correspond MRI, his-

tology, and USTS slices. (b) The US friendly mold and the 3D printed prostate with its seminal vesicles. 

Figure 6.23(a) shows a B-mode image of a slice of the mock prostate. The TOF 

was picked once using COM method, and once with manual correction; then the image 

was reconstructed. Images using Diff-CG and automatically picked TOF contained a high 

amount of artifact that increased with number of iterations. The Diff-EM method with 

manually corrected TOF produced the most accurate results, with the least amount of arti-

fact, and is shown in Figure 6.23(c) while a sample reconstructed image using the auto-

matically picked TOFs is shown in Figure 6.23(b). The theoretical SOSs are around 1523, 

1480, and 1375 m/s for mold, water, and plastisol respectively. As shown in the Figure 

US machine 

DAQ 

Transmitter 
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6.23(c) these values in one pixel in each of these areas are estimated as 1523, 1476, and 

1415 m/s. Table 6.2 shows bias and noise for a 5×5 group of pixels around each of these 

pixels for the different methods. Diff-EM method seems less robust to TOF error while 

Diff-CG was less robust to other experimental noise and errors.  

Table 6.2. Bias and noise in the reconstructed images using the two methods at different iterations. p: plas-

tisol; w: water; b: background. Noise was calculated as the standard deviation of background pixels.  

 Diff-CG Diff-EM 

 Auto TOF pick Corrected TOF Auto TOF pick Corrected TOF 

Iteration 20 50 20 50 20 50 20 50 

%Biasp 2.89 3.68 3.44 4.1 1.77 16.5 2.93 2.69 

%Biasw 0.86 1.30 0.38 0.95 0.79 3.47 0.29 0.23 

%Biasb 0.80 1.52 0.79 1.42 0.06 0.20 0.11 0.06 

noise 15.7 30.5 14.10 27.05 1.06 4.57 1.20 1.14 

 

 

 

(a) 

 

 

(b) 

 

(c) 

Figure 6.23. (a) B-mode image, (b-c) Reconstructed image using Diff-EM method and (b) automatically 

picked TOF (more iterations causes more artifacts), and (c) manually corrected TOF. 

6.4.2 Ex vivo studies 

An existing IRB protocol was amended to allow for US scan of the prostate after it 

is taken out of the patient’s body. We describe details of the first ex vivo study; other 

studies were done with similar procedures, and the results will be discussed at the end of 

this section.  

In the first study, the recruited patient underwent prostatectomy based on detection 

of 1 malignant lesion by previous biopsy results (out of 3 suspicious lesions marked in 

MRI). The whole prostate was cut and taken out of the patient’s body during a laparo-
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scopic surgery with Da Vinci robot. We had the setup shown in Figure 6.14 ready for 

data collection in a pathology lab near the operating room where the prostate is transport-

ed in a saline bag. In the previous existing protocol, the pathologist colored the prostate, 

emerged it into formalin, and cut it into slices using the 3D printed mold shown in Figure 

6.15(a).  

 

Figure 6.24. CAD model of the first prostate (shown as red) created out of the MRI images; and the 

mold’s side view. Slice number 9 of the MRI image was the slice of interest containing all the lesions  

which corresponds to the 2nd pathology slice (shown in this image).  

We intervened in this process after the coloring, asked the pathologist to cut the 

seminal vesicles, inserted the prostate in between the US friendly mold, as shown in Fig-

ure 6.15(d), closed the mold using few drops of glue at far corners, put it inside the con-

tainer, and filled any possible air gaps in the container with saline. Figure 6.24 shows 

how the mold slices correspond to MRI slices. The US probes are aligned with the 2nd 

slice determined by the mold. Each pathology slice has 6 mm thickness and corresponds 

to two 3mm MRI slices. We put the container in between the two probes in appropriate 

1 2 3 7 8 6 5 4 10 9 
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orientation as determined by Figure 6.25, applied gel as necessary, and adjusted the dis-

tance between the probes, and measured this distance using a caliper as 55mm. The mark-

ings on the container guided the appropriate orientation to insert the US friendly phan-

tom. The container also has marks that determine the transmitter and receiver sides. 

These markings are necessary to ensure the USTS image corresponds to the MRI image. 

Afterwards, the B-mode image as seen by the transmitting probe was collected which is 

shown in Figure 6.26(b) while the corresponding MRI image is shown in Figure 6.26(a). 

 

(a)  

 

(b) 

Figure 6.25. (a) The CAD model of prostate and the appropriate transmitter and receiver locations; (b) 

The cross-section of the prostate that is expected to appear in the US image. 

Because this patient’s prostate was larger than typical, there was not enough space 

in the phantom to collect background data such that the US waves do not pass through the 

prostate tissue. Hence, using the same container, and same distance between the probes, 

we collected the background data utilizing another phantom that only contained of the 

acrylamide material. The background SOS was considered as 1525 m/s. 

Transmitter side 

Receiver side 
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(a) 

 

(b) 

Figure 6.26. (a) MRI scan of the prostate which was taken several months before the prostatectomy. The 

yellow marks show the suspicious lesions as read by the radiologists. Biopsy results showed the lesion on 

the right side is malignant. (b) The US B-mode image corresponding to this MRI slice taken during the ex 

vivo study. The yellow marks on the B-mode image are inserted approximately based on the MRI image. 

For each slice, we collected and averaged 6 frames of data to increase the signal to 

noise ratio. Such data collection resulted in 512 MB of channel data per slice. The TOF 

was picked manually which yielded the reconstruction showed in Figure 6.27.  

  

Figure 6.27. Reconstruction results without prostate contouring. EM shows lower SOS at benign areas 

and higher SOS at malignant areas; Other methods failed due to the high amount of noise in data and the 

fact that the data is collected from limited angles.  

Based on the simulation results in Chapter 5, it is probable the manually picked 

TOF still contains some amount of noise which has yielded the highly noisy image in 
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Figure 6.27. To enhance the reconstruction results, we considered a contouring method, 

where the B-mode image was used to determine the approximate prostate contour by the 

user. The reconstruction algorithm then considered outside of the contour as a known 

SOS of 1525 m/s and solved for the image pixels inside the prostate contour. The results 

are shown in Figure 6.28. The Diff-EM algorithm has a significant increase in noise with 

number of iterations. This can be due to the high amount of noise in data. Comparing 

Figure 6.29 with the previous one reveals how the image noise is increased with number 

of iterations. However, the EM algorithm seems to perform more robustly by showing 

lower SOS in benign areas and higher SOS in malignant areas. 

 

 
Figure 6.28. Ex vivo prostate reconstruction results after contouring the prostate area and after 50 iterations. 
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Figure 6.29. Ex vivo prostate reconstruction results after contouring the prostate area and after only 5 itera-

tions.  

 

The results of another ex vivo study at iteration 5 is shown in Figure 6.31 while the 

corresponding B-mode and MRI images are shown in Figure 6.30. The first ex vivo study 

showed higher SOS in the malignant area and lower SOS in the benign area. This ex vivo 

study also shows higher SOS in the malignant area (as marked in MRI), however, it also 

shows higher SOS in the normal tissue the bottom-right side of the image. 

 

(a) (b) 

Figure 6.30. (a) MRI scan of another prostate. The yellow marks shows a malignant lesion as read by the 

radiologists. (b) The US B-mode image corresponding to this MRI slice taken during the ex vivo study. The 

yellow marks on the B-mode image are inserted approximately based on the MRI image. 
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We conducted 4 more ex vivo studies. In one study, calcification obstructed the 

transmission of US signals, and no signal was received by some receivers.  

 

 

Figure 6.31. Another ex vivo study prostate reconstruction results after contouring the prostate area and at 5 

iterations. 

In another study, the prostate was smaller than the mold’s cavity. In fact, the pros-

tate 3D model was larger than the prostate. This happened due to the endorectal coil used 

when acquiring the MRI image (shown in Figure 6.32) which can change the prostate 

shape. Due to this mismatch, the prostate rotated inside the mold as seen in the B-mode 

image (shown in Figure 6.32). Data was successfully collected for the rest of studies; 

however, the correlation between malignant and benign areas in MRI and the SOS tomo-

synthesis image was not visibly consistent. 
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(a) (b) 

Figure 6.32. The prostate rotated in the mold in one of the ex vivo studies. (a) Endorectal coil which was 

used during MRI scan caused significant change in prostate shape; b) The US B-mode image shows the 

rotation during ex vivo. 

6.5 Conclusions & Discussions 

There is a critical public health need for improved methodologies of prostate tissue 

characterization and prostate cancer detection that are cost-effective, broadly accessible, 

and easy to use. In this study, we proposed and modeled a new paradigm for quantitative 

imaging of the prostate, that we call US tomosynthesis. Prostate cancer screening, biopsy, 

focal image guided therapies, and brachytherapy are examples of the clinical applications 

that could potentially integrate this technology.  In this chapter, a setup and a technique 

were developed to evaluate feasibility of prostate USTS in ex vivo prostate taken from 

prostatectomy patients. A phantom study was done to evaluate the feasibility of this set-

up.  The SOS map reconstructed from a mock ex vivo prostate with relevant acoustic 

properties showed promise. 
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Figure 6.33. MRI and B-mode US images of the ex vivo prostate side by side the tomographic image recon-

structed using EM method and after contouring. 

We then elaborated on the results of the ex vivo studies. The EM algorithm in the 

first study showed some correlation between the tomographic image and MRI slice as 

shown in Figure 6.33. Other studies, however, did not show consistent correlation. More 

studies are required to confirm the validity of the method and to come up with the opti-

mized set of parameters and algorithms. These settings can be tested using a quantitative 

phantom containing various SOS values at different locations.  

One possibility is that not all malignant lesions can be distinguished by the SOS 

property. To quantify the SOS contrast between malignant and benign lesions, a full an-

gle tomography setup can be used, in parallel with the limited angle one, during ex vivo 

studies. The full angle setup can provide the ground-truth SOS values. Since the SOS 

contrast among different tissues may be small in the prostate, the attenuation map and 

more advanced reconstruction algorithms accounting for limited data (e.g. Huthwaite et 

al., 2013) can be investigated. While USTS for prostate requires further ex vivo valida-

tion, we believe using existing evidence, that USTS has the potential to open up a new 

window into quantitative low-cost US imaging of the prostate, which may meet a signifi-

cant public health need.  
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Chapter 7 Discussions and Conclusions 

US imaging is a popular imaging modality and has had remarkable progress during 

recent years mostly due to its wide availability and low cost. It is, however, an ever grow-

ing field with many potentials to uncover, making it an interesting field for researchers to 

explore. One of the most recent advances in medical US imaging is the introduction of 

tomographic imaging that visualizes the tissue acoustic properties calculated from the 

observed change in the transmitted US wave, having the geometry of the traveled path as 

the known parameter. Since different tissue types, e.g. cancerous versus normal, possess 

different acoustic properties, tomographic imaging opens a new window into low-cost 

cancer screening and tissue characterization. Use of this technology, however, has been 

limited because accurate localization of US transmitters and receivers is a challenging 

tasks, and yet different anatomies impose variable limitations on angles through which 

tomographic data can be collected. In this thesis, for the first time, co-robotic setups are 

introduced to the US tomography field with the hope of addressing the localization chal-

lenge, thus expanding this novel technology beyond breast tissue. The proposed setups 

make use of existing US systems thus enabling US tomographic imaging in more set-

tings. 

The first part of this work was dedicated to the development of such setups describ-

ing the required components and showing the proof of concepts. We further discussed the 

important parameters affecting the overall localization accuracy. The calibration preci-

sions in both prototypes varied from 1.5 to 4.1 mm and the overall evaluation of the sys-

tem showed 5-9 mm alignment repeatability. The alignment, force sensing, and automat-

ed calibration modules were presented as separate modules. Each of them are necessary 
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to provide a safe and easy-to-use reliable system. A practical co-robotic system would 

have to combine all these modules and experimentally validate the efficacy by designing 

evaluation studies getting feedback from clinicians with a wide range of experience. We 

touched upon one such study by performing a survey on how beginners compared their 

experience on collaborating with a robot versus operating a freehand probe while apply-

ing a pre-determined force on a phantom. Even though most users reported higher satis-

faction with the robot, more robust hardware/software was found necessary to improve 

the user experience. Hence, development of such co-robotic setups should be done in an 

iterative manner, getting feedback from the end-user, improving the setup accordingly, 

and performing the survey/evaluation studies until an optimized prototype is achieved.  

The robotically operated US probes need to keep an appropriate amount of force 

against the surface, as well as avoid collision with other parts of the patient body, and 

with other objects in the environment. We provided some solutions to the above chal-

lenges utilizing force sensors. We further discussed parameters affecting the overall 

alignment error to understand the expected misalignment that would consequently affect 

the reconstructed image and to define conditions leading to the desired alignment accura-

cy. Using the error propagation analysis, it was found that, to have around 5 mm transla-

tional error in the dual arm tomographic setup, none of the calibrations should have a 

translation error larger than 4 mm and rotation error larger than 0.5 degrees. However, to 

ensure a maximum 5 mm of error in the mirror dual arm setup, none of the calibrations 

should have a translational error greater than 2 mm and rotation error larger than 0.5 de-

grees. Hence, having accurate calibrations was found to be more critical in the mirror 

imaging setup. 
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The second half of this work was mostly dedicated to the imaging aspect. Since the 

US probe needs to be in contact with the body surface, and US does not travel through air 

or bone, in many cases, a full tomographic view is not available. Hence, there is a need 

for more work in the limited angle US tomography cases, which we called US tomosyn-

thesis due to its similarity to x-ray tomosynthesis. We provided several simulation and 

phantom results with the goal of clarifying the potentials and challenges of the US tomo-

synthesis reconstruction. The feasibility of the reconstruction in one view was proved in 

both simulation and phantom study. We then analyzed the sources of error and noise and 

their effects on the final image. The simulations showed that the limited data in the ex-

pectation maximization reconstruction method leads to increase in bias and artificial con-

trast after a certain number of iterations. The same results were observed during the phan-

tom studies with best results achieved at iteration 40. Testing x-ray tomosynthesis recon-

struction methods, exploring possibilities of compensating the limited data by incorporat-

ing prior information, and expanding K-wave simulations, modeling the US wave propa-

gation in more accurate terms, are the next steps of this work, from the image reconstruc-

tion perspective.  

Finally, we proposed use of co-robotic US tomosyntheis for prostate imaging, ad-

dressing the need for a low-cost and real-time prostate cancer screening method. We pro-

posed and developed a setup that can collect US tomosynthesis data from ex vivo prostate 

and correspond it with MRI and pathology results. In a mock prostate phantom study 

with this setup, the SOS map, produced by difference expectation maximization method, 

yielded 2.69%, 0.23%, 0.06% bias in estimating the SOS of plastisol, water, and mold 

respectively. We also touched upon partially using B-mode image information to com-
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pensate for limited angle data in ex vivo prostate imaging and discussed some preliminary 

results showing MRI together with corresponding US B-mode and tomosynthesis images, 

side by side. The future direction of this preliminary study includes three stages: solidify-

ing the optimized settings and methods in simulations; quantifying true acoustic property 

contrast between cancerous and normal prostate tissue using a full US tomography setup; 

and calibrating and quantifying the accuracy of the tomosynthesis setup in experiments. 

These steps should be taken in an iterative manner; correcting the underlying assumptions 

in each upon the new findings in another. 

In conclusion, the use of robotics to create new dimensions in US imaging is a promising 

but still developing field. Even though limited angle US tomographic reconstruction is an 

exceedingly challenging problem, when tackled with advanced methods optimized for 

specific conditions, it is also a potentially high impact direction, opening new possibili-

ties for low-cost and non-ionizing radiation cancer detection and tissue characterization. 

Expanding on and promoting this field of research has been the ultimate goal of this 

work. 
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