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ABSTRACT 

Minimally Invasive Surgery (MIS) is a surgical technique involving small incisions 

performed by an endoscope and several long, thin instruments. Because of its minimally 

invasive nature, MIS minimizes complications and speeds up recovery time compared to 

the traditional surgery. Unfortunately, from a surgeon’s perspective, MIS is much more 

challenging than conventional surgery. Because the limited vision and sensing feedbacks, 

MIS a difficult skill for medical students and residents to master. 

There has been some research on the effectiveness of different kinds of training and 

guidance. Surgical simulation is increasingly perceived as a valuable addition to traditional 

medical training methods, although most existing simulators have limitations stemming 

from either a lack of objective performance assessment or an insufficient relation to the 

operating room reality.  

The objective of this research is to design and realize a novel prototype that advances 

the state of the art in surgical training, assessment, and guidance for MIS. The prototype 

features micro-sensors embedded into the instruments employed for simulation training. 

The system provides multiple training scenarios, a high fidelity training environment, 

repeatable, structured exercises, and objective performance assessment capabilities. 

The proposed Situational Awareness Enhancing System (SAES) uses a unified 

framework incorporating perception, comprehension, and projection software modules 
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that provide feedback during the exercises and enable evaluation of the training 

procedure. 

A multiple sensor data fusion method was developed to help surgeons efficiently 

acquire information in real time. The output, “Hybridview”, is produced by fusing the 

information from digital camera and magnetic position sensors, and shows an overlay of 

the positions of organs and objects with the trajectory of instruments. An intelligent 

inference engine was designed to formulate an objective standard based on the expertise of 

senior surgeons and to provide an accurate scoring method. A multi-level fuzzy inference 

engine and new performance metrics were implemented. 

To demonstrate the feasibility of the proposed training system, numerous experiments 

were conducted. The results show that the situational awareness training system for MIS is 

useful and efficient. 
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1. INTRODUCTION 

1.1. Introduction 

Minimally Invasive Surgery (MIS), or minimal-access surgery, is a modern surgical 

technique performed by an endoscope and several long, thin instruments involving small 

incisions or no incisions [Bragg 2005]. Because of its minimally invasive nature, the 

injuries of the tissues are rare compared to conventional surgery, and recovery is much 

faster. This has led to increased interest in MIS, and new applications are continually being 

reported [Grimbergen 2001]. Unfortunately, from a surgeon’s perspective, MIS is 

considerably more challenging than conventional surgery due to the complexity. 

It can be expected that MIS will continue to replace conventional operations whenever 

possible. Therefore, it is important to minimize the disadvantages of the technology so that 

the range of its application can be extended [Grimbergen 2001].  

1.2. Minimally Invasive Surgery (MIS) 

MIS avoids open invasive procedures in favor of closed or local surgery with fewer 

traumas. It involves use of laparoscopic devices and remote-control manipulation of 

instruments with indirect observation of the surgical field through an endoscope or similar 

device. It is carried out through small incisions.  



16 

For example, in a cholecystectomy, the first step in the procedure is to insufflate the 

abdomen, which provides the required space for instrument and telescope movements. 

Then a laparoscope is inserted into the abdomen through a small incision. The laparoscope 

system includes a telescope connected to a camera and a fiber optic cable with a cold light 

source. The surgeons can then insert surgical instruments through strategically placed 

trocars, which are used as ports to introduce instruments into the body and perform the 

operation using the video monitor that displays the image captured by the camera.  

1.2.1. Issues of the MIS 

When performed by a well-trained surgeon, MIS is a remarkably effective procedure 

that minimizes complications associated with large incisions, operative blood loss and 

post-operative pain, and speeds up recovery time. But, MIS is more challenging than 

conventional surgery from a novice’s perspective due to the keyhole size incision. 

First, the fixed position of the trocars limits the DOF (degree of freedom) of the 

instruments. Generally, a rigid body in Euclidean Space needs 6 DOF (x, y, z, pitch, yaw, 

and roll) to access any spot in the space from an arbitrary direction. For MIS, spherical 

joints are generated because of the incision points of the surgery and use of trocars. 

 Figure 1 shows how the spherical joint limit the DOF of the instruments from 6 to 

only 4 (depth I , pitch α , yaw β , and roll γ ). Therefore, surgeons lose a lot of freedom 

in MIS comparing to traditional surgery.  
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Figure 1 Schematic situation in MIS [Deml 2005] 

The second issue of laparoscopic surgery is also related to the trocar. The trocar not 

only limits the movement of the instrument, but also creates a lever whose fulcrum is the 

incision point. The lever makes laparoscopic surgery more complex because the movement 

direction of the surgeon’s hand is opposite to that of the instrument tip. For instance, when 

the surgeon wants to move the instrument up, he moves the handle down. The lever 

problem is a severe issue for inexperienced surgeons. 

The third issue comes from the camera and monitor. In MIS, the DOF issue not only 

affects the instruments but also the endoscope, which is the primary instrument surgeons 

use to observe the operating field. Because in MIS the endoscope has only four degrees 

of freedom, surgeons are able to observe anatomical structure from only a specific 

direction. 

The CCD camera and display device typically have low resolution. In addition, most 
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of the laparoscopes use only one camera for observation. The absence of stereovision 

makes it is hard for a surgeon to estimate spatial distance and movements as accurately as 

in open surgery.  

The endoscope also causes perspective problems, which impair hand-eye 

coordination. Figure 2 shows a case where there is a 90 degree angle between the surgeon 

and the camera. The screen displays vertical movement as horizontal due to the way the 

perspective is transferred from the camera. [Rassweiler 2001] 

Another problem is caused by the long thin instruments, which reduce the haptic sense 

of the surgeons. Surgeons receive minimal tactical feedback through the instrument during 

the surgical procedure, so it is hard for them to monitor their actions. 

All these issues make MIS a difficult skill for medical students to master. Moreover, 

many complications specific to MIS can result in major morbidity or potential mortality. 

 

Figure 2 The movement of the instrument [Rassweiler 2001] 
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To minimize the potential risks of MIS, research has been produced in a number of 

directions. Jacobson and Davis present a series of strategies, including ergonomics, 

equipment, abdominal entry methods, and training [Jacobson 2004]. The strategies can be 

classified into two categories: equipment development and new educational methods. 

1.2.2. Training methods 

A key aspect for the future is the development of methods for training both residents 

and practicing surgeons as technology and procedures continue to evolve. Training 

involves both knowledge education and skill training. Although they are close, education 

and training have different meanings. Education usually refers to the acquisition of 

knowledge, while training refers to the acquisition of skills [Bragg 2005]. 

Information about equipment, basic procedures, and the theoretical management of 

complications can be taught through basic courses using a combination of lectures, 

demonstrations, and simulators. Gallapher et al proposed a template for developing a 

surgical curriculum, which includes two steps [Gallagher 2005]. The first step is a 

knowledge education course about MIS. The course covers relevant knowledge, specific 

step of the procedure, and common errors. 

However, knowledge itself is not enough. A surgeon also needs to have performance 

skills, which are in fact conditioned reflexes. Especially for MIS, surgical skill is far more 

important. Therefore, the second step is a skill training course providing technical skills 
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training. Optimally, it should incorporate immediate feedback when an error occurs and 

summative feedback at the completion of a trial. It should also allow for repeat trials until 

the trainee grasps the skill. 

According to Gallagher, the goal of any surgical training program is to help surgeons 

automate their basic psychomotor skills before they operate on a patient [Gallagher 2005]. 

The more innate visuospatial, perceptual, and psychomotor ability the surgeon has, the 

faster he or she will automate the surgical skills. For instance, Law et al. did an eye gaze 

analysis in 2004 showing that novices needed more visual feedback of the tool position to 

complete the task than experts [Law 2004]. 

 A “Learning curve” is generally associated with skill acquisition within the training 

process. As the trainee gains experience, fewer resources are needed to complete the 

training task. The trainee is required to repeat the procedure until he or she performs it 

well enough. This enforced learning process should help the trainee master necessary 

basic skills. One of the major advantages of simulation is that it provides a risk-free 

environment for trainees and allows progress to be monitored. 

1.3. Research Challenges 

A primary research goal is the development of methodologies and technologies for 

training medical students and residents on MIS. During the whole training procedure, 

trainees need to know what to do, what not to do, how to do what they need to do, and 
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how to identify when they have made a mistake. The trainer needs to know how the 

trainee is progressing and where they are on their learning curve [Gallagher 2005].  

Traditional surgical training methods such as use of animals and cadavers have 

recently been supplemented by simulators. Simulators are attractive due to being reusable, 

risk free, and low cost.  

One method involves what is sometimes referred to as a pelvi trainer [Shrivastava 

2003] [Hasson 2001]. Pelvi trainers are usually enclosures that mimic the abdomen, with 

apertures for insertion of instruments and camera [Tamarapalli 1995]. Trainees use real 

instruments to practice basic skills by manipulating objects or interacting with artificial 

tissue and anatomical models, using a video display for visualization. 

Virtual reality (VR) systems represent another mode of training, where the training 

environment is simulated using computer models of objects or organs. Trainees interact 

with these models in real-time. Some VR systems can provide virtually generated haptic 

feedback [Simbionix Ltd]. 

1.4. Research Objectives 

The overall goal of the research described in this dissertation is to develop a fully 

integrated SAES for MIS. The system will provide multiple training scenarios, a high 

fidelity training environment, goal driven repeatable, structured exercises, and objective 

performance assessment capabilities. The SAES is supposed to minimize the potential 
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training issue and improve the health care quality. In the future, it can be used to support 

real operating room procedures, including real time sensor fusion; run-time surgery 

guidance; and emergency safety reinforcement. 

The first research issue is building the framework of the SAES. Situational 

awareness is the mental representation and understanding of objects, events, or system 

states in complex and dynamic tasks [Endsley 2000]. In this research area, defining the 

functionalities of the system framework and the functionalities of the perception, 

comprehension, and projection components are critical. 

The second research issue is designing and implementing the system. After the high 

level system design and specification, three design layers are presented. 

The first design layer is the perception layer. In general, perception means that 

someone becomes aware of something via the senses. The perception level is the most 

basic level of the system, providing an awareness of objects and their states. The specific 

tasks within this design level include a deployment mechanism for sensors and detection 

and tracking algorithms. Therefore, the training system can provide multi-metrics 

performance monitoring capability. 

The second design layer is the comprehension layer. Comprehension means an 

ability to understand the meaning of something. Therefore, the aim of this design layer is 

to provide understanding of the system situation. Basic performance assessment and 
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sensor fusion methods will be implemented. Multiple performance metrics will be 

introduced within this design level. “Hybridview”, which overlays tracks of the 

instruments on the video image, will also be applied. 

The third design layer is the projection layer. Projection means a prediction 

extrapolated from past observations. The aim of this layer is to evaluation the situation 

and its possible further states. This design layer focuses on a high level reasoning system, 

which attempts to model the decision-making processes of experts. This allows the 

system to determine whether a particular action is potentially harmful, why the action 

could be harmful, and to present appropriate feedback to prevent injury and reinforce the 

correct technique. To realize the knowledge based reasoning engine, a fuzzy inference 

engine will be applied. The inference engine would process motion data from the 

micro-sensors embedded in the surgical instruments and provide the surgeon with a limit 

for instrument motion and manipulation. Moreover, the reasoning model and real-time 

feedback provide a surgical guidance capability as well as support for training. Therefore, 

in the future, the situational awareness system can be utilized within the operating room 

as a safety assistant. 

1.5. Dissertation Organization 

This dissertation is organized as follows. In Chapter 2, we review minimally invasive 

training methods, especially current surgical simulation techniques. In Chapter 3, we 
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introduce our SAES framework. Within the system framework, we define the 

functionalities of the information sensing, sensor fusion, guidance, performance 

assessment, and feedback components. In Chapter 4, we introduce the first design level or 

perception level, where sensors are deployed for gathering information of the training 

procedure.  In Chapter 5, we introduce the second design level or comprehension level. 

“Hybridview”, a sensor fusion application is developed to provide a better understanding 

of the situation. Novel performance metrics such as a speed profile and a movement profile 

were also introduced. In Chapter 6, we present the third design level or projection level. A 

fuzzy inference engine is proposed for precise performance assessment. Prospective 

real-time guidance and feedback approaches are discussed. In Chapter 7, we introduce the 

usability experiments and results. Finally, Chapter 8 concludes in this dissertation and 

suggests future research directions.  
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2. RELATED WORKS 

2.1. Introduction 

MIS is a medical approach that is of obvious benefit to patients despite its difficulty for 

surgeons. To enhance the safety and efficiency of MIS, in addition to improving equipment, 

successfully training medical students and residents is critical. 

Most issues related to MIS are due to its minimally incisions, which limit working 

space, movement flexibility, and human perception capabilities. In this chapter, we will 

review the current training methods for MIS and the techniques needed, i.e. sensing, sensor 

fusion, performance metrics, and intelligent inference. 

2.2. Surgical Training Methods 

Medical training most commonly involves “learning by doing”, which means students 

gain medical skills through performing the real procedures. The approach has become less 

acceptable when high-risk invasive procedures are required. 

One alternative is using animals or cadavers, but efficiency is an issue. Large enough 

animals and cadavers are expensive, as well as raising ethical and animal rights questions. 

A new technique becoming more and more popular is surgical simulation involving 

reusable surgical training devices. Surgical simulators have many advantages including 
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high efficiency, replicable specialization, and risk free operation. Laparoscopic simulator 

training translates into approximately 30-35% greater efficiency, as measured by operative 

time, along with decreased error rates compared to a similarly experienced control group of 

surgical residents who did not receive simulation training [Korndorffer 2005]. In general, 

simulators can be classified into two categories, pelvi trainers and virtual reality trainers. 

Current research will be reviewed below. 

2.2.1. Pelvi trainer 

One type of MIS simulator is sometimes referred as a pelvi trainer, or box trainer. This 

is an enclosure that represents the working area, with apertures for insertion of instruments 

and camera. Special objects, e.g. artificial tissue or anatomical models are placed in the box 

in advance, then trainees use real instruments to practice basic skills by manipulating the 

objects (Figure 3). Both trainee and trainer use a video display connected to the 

laparoscope for visualization. 

Because the pelvi trainer is simple and straightforward, it has been widely used for 

MIS training. Shrivastava discusses an implementation of a pelvi trainer includes the 

laparoscope (camera), a fiber optic light source, surgery tools, a TV set, etc [Shrivastava 

2003]. The trainees place objects (such as grapes, tomatoes, balloons, etc.) inside a cavity 

and practice on them to gain the skills required for the actual surgery. Typical exercise 

would be to peel the skin of a grape or put a rubber band over a set of nails. 
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Figure 3 Pelvi trainer 

Hasson developed a laparoscopy training simulator (LTS 2000) [Hasson 2000], which 

was used in conjunction with a laparoscope joined to a camera, light source, and monitor 

with a camcorder. To measure the degree of improvement in laparoscopic skills following 

training with the LTS 2000, objective pre- and post-training assessments were used. Eleven 

exercises were designed to develop visual-motor-processing capabilities for referencing 

the 2D image of an object on a video screen, and to allow practice of delicate manipulations 

including circular motions, formation of Roeder loops, and simple suturing and knot-tying. 

Of the eleven participating physicians, none scored above the 65th percentile of the 

maximum achievable score before training; 8 scored above the 73rd percentile after 

training. The average pretest score was 304.9 points (SD 190.8) with a range of 43.2 to 

705.7; the average posttest score was 834.2 points (SD 141.2) with a range of 547.3 to 

1021.7. Sustained training with the new simulator resulted in significant improvement in 
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laparoscopic skills in all tested physicians, regardless of prior experience. 

Fried and et al presented the McGill Inanimate System for Training and Evaluation of 

Laparoscopic Skills (MISTELS) physical laparoscopic simulator [Fried 2004]. MISTELS 

is the physical simulator used by the Society of American Gastrointestinal and Endoscopic 

Surgeons (SAGES) in their Fundamentals of Laparoscopic Surgery (FLS) program. In 

their paper, over 200 surgeons and trainees from 5 countries were assessed using 

MISTELS. The participants were trained in simple transferring skill and a complex 

suturing task. The results showed that MISTELS scores increased progressively with 

increasing laparoscopic experience, and residents followed over time improved their 

scores. The conclusion was that the system was reliable, valid and a useful education tool. 

The main advantages of this training method are that the trainee gets the feel of basic 

operation steps along with natural force feedback from the operated objects. Also, the pivot 

of the surgical tool simulates the position of the trocar as in actual operation. 

2.2.2. Virtual reality trainer 

Virtual reality (VR) systems represent another mode of training simulator, where the 

training environment is simulated using computer models of objects or organs. Trainees 

interact with these models in real-time. Some VR systems provide virtually generated 

haptic feedback. Given the rapid development of computer technology, virtual reality 

trainers have become more and more popular.  
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Some current available virtual reality trainers are listed in the following: 

 A PC-based bronchoscopy simulator, Technical University of Denmark 

[Bro-Nielsen, 1999]; 

 LASSO project, The Virtual Reality in Medicine Group, Swiss Federal Institute of 

Technology, ETH Zurich [Szekely, 2000]; 

 The Karlsruhe endoscopic surgery trainer, Institut für Angewandte Informatik 

(IAI) , Germany[Kuhnapfel 1997]; 

 A SGI platform provides force feedback, University of California, San Francisco, 

VESTA [Tendick, 2000]. 

 LAP Mentor, Simbionix [Simbionix Ltd]; 

 LapSim, Surgical-Science [Surgical Science]; 

 MIST, Mentice [Mentice]. 

 Immersion Medical interface provides virtual haptic feedback for the VR surgical 

trainers [Immersion]. 

The LASSO project [Sezkely, 2000] is an integrated development effort to construct a 

laparoscopic simulation platform. The abdominal cavity was modeled using data from the 

Visible Human initiative. Features of organ surfaces were generated using a combination 

of texture synthesis, procedural texturing and L-system based methods for growing 

vascular networks. Real-time deformation, haptic feedback, and rendering performance 
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were achieved using a 64-node parallel processor built for this purpose.  

The Karlsruhe endoscopic surgery trainer [Kuhnapfel, 1997] is based on the KISMET 

environment for virtual surgery development. A simulated laparoscopic cholecystectomy 

procedure was developed on this system. The simulator used an SGI-Octane/MXE 

workstation with two 250Mhz Mips R10000 CPUs to achieve a visual update rate of 20 

frames/sec. A PC-based system recorded instrument positions and joint angles, 

communicating the information to the SGI via a serial interface. The system did not 

provide haptic feedback.  

A similar SGI platform was used to develop VESTA [Tendick, 2000], a laparoscopic 

simulator developed for training and assessing surgical skills. It provided force feedback 

(4-DOF haptic interface) using modified Phantom haptic interface devices [Massie, 1994]. 

The testbed includes virtual environments for training perceptual motor skills, spatial skills 

and critical steps of surgical procedures. Novel technical elements of the testbed include a 

4-DOF haptic interface, a fast collision detection algorithm for detecting contact between 

rigid and deformable objects, and parallel processing of physical modeling and rendering.  

Commercial laparoscopy trainers are PC-based, using a non-force or force enabled 

reflecting laparoscopic interface from Immersion Medical (Figure 4). 
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Figure 4 LapMentor virtual reality trainer [Simbionix Ltd] 

In order to define the validity, learning curves and proficiency criteria on the training 

tools, Aggarwal and et al developed an evidence-based virtual reality laparoscopic training 

curriculum for novice laparoscopic surgeons [Aggarwal 2006]. The study classified 40 

surgeons into experienced (performed > 100 laparoscopic cholecystectomies) or novice 

groups (performed < 10 laparoscopic cholecystectomies). 10 novices and 10 experienced 

surgeons were tested on basic skills, while 11 novices and 9 experienced surgeons were 

tested on a procedural module for dissection of the Calot triangle. Performance metrics 

included time, error and economy of movement. The results showed that in both cases, the 



32 

learning curves of the novice and experienced surgeons demonstrated skill improvement. 

Patel and Gallagher proposed a learning curve and reliability measures for virtual 

reality (VR) simulation in the performance assessment of carotid angiography [Patel 2006]. 

Their objective was to demonstrate the improvement in performance as measured by 

metric-based procedural errors. Twenty cardiologists participated in the training program, 

each performing five serial simulated carotid angiograms using the Vascular Interventional 

System (VIST) VR simulator (Mentice AZ, Sweden). The metrics included procedure time 

(PT), fluoroscopy time (FT), contrast volume, and composite catheter handling errors (CE). 

All of those metrics were recorded by the simulator. The results showed that PT, FT, 

contrast volume, and CE all improved from the first to the last simulations. This study 

showed the VIST simulator to produce a learning curve with improved performance. 

To demonstrate the usability of the Minimally Invasive Surgical Trainer Virtual 

Reality system (MIST VR), Gallagher et al set up an experiment training novices to adapt 

the fulcrum effect with MIST VR [Gallagher 1999]. Sixteen trainees with no experience of 

laparoscopy participated. Eight were assigned to receive initial training using the MIST 

VR while the others acted as a control group. After the training, all were required to make 

multiple defined incisions by laparoscope in 2 minutes as a test. The results showed the 

participants with MIST VR training made more correct incisions than the control group. 

Andreatta and et al presented an experiment to determine if prior training on the 
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LapMentor laparoscopic simulator improved performance of basic laparoscopic skills 

[Andreatta 2006]. In the experiment, ten randomized choosing surgical interns were to 

training on the LapMentor laparoscopic simulator while another 9 without training were 

the control group. The training group was required to finish 6 designed basic skill training 

modules. All participants completed a series of laparoscopic exercises on a pig, and the 

performance was assessed blind by two reviewers. Time, accuracy rates, and global 

assessments of performance were recorded. The results demonstrated that LapMentor 

trainees outperformed control groups with camera navigation, efficiency of motion, 

optimal instrument handling, perceptual ability and performance of safe electrocautery. 

This study demonstrated the usability of the LapMentor laparoscopic simulator in 

improving the basic skills of laparoscopic surgery. 

Hyltander et al described an evaluation of Lapsim, a computer based laparoscopic 

simulator [Hyltander 2002]. The aim was to find out whether the basic skills achieved by 

training with LapSim could be transferred to the operating room. They assigned 24 medical 

students into two groups, one group receiving LapSim training while the other served as 

control. After the training process, both groups were required to performed laparoscopic 

exercise on a pig. Their time to perform was recorded, and four reviewers assessed their 

overall performance. The group trained by LapSim showed significantly better results for 

all tasks, both in time and expert evaluation. 
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2.2.3. Issues of current system 

Based on the literature review presented above, we conclude that both pelvi trainers 

and virtual reality simulators improve the training of surgeons in most cases. But 

simulators do not emulate real surgery 100 percent correctly. Different conclusions can be 

drawn by using different metrics. Besides the supportive results described above, some 

researchers obtained negative results for use of laparoscopic simulators as described 

below: 

To assess the validity of the Procedicus Virtual Interventional Simulator Trainer 

(Procedicus-VIST), Berry and Lystig did the following experiment [Berry 2006]. Two 

groups comprised of 8 interventional radiologists (experts) and 8 medical students (novices) 

performed 6 renal artery procedures using the Procedicus-VIST. During the procedure, 

metrics including procedure time, fluoroscopic time, contrast, cine loops, lesion coverage, 

tool/lesion ratio, placement accuracy, and residual stenosis were recorded. Results showed 

no significant differences between the 2 groups except that the novices were better in 

fluoroscopic usage.  

Ahlberg et al also cast doubt on the efficacy of virtual reality trainers [Ahlberg 2002]. 

To determine whether training with the virtual reality simulator MIST-VR would improve 

surgical performance, they assigned 29 medical students randomly into two groups, one of 

which received MIST-VR training, while the other received no training. Both groups then 
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performed a simulated laparoscopic appendectomy on a pig. The operation was videotaped 

and assessed by three independent observers. The result showed that no significant 

difference between the two groups. 

The virtual reality simulator MIST-VR has been tested twice. The experiment set up by 

Gallagher claimed positive results while Ahlberg argued that no significant difference was 

observed between the students with MIST-VR training and the control group. This 

inconsistent result points up a limitation of the VR simulators that we discuss below. 

In general, pelvi trainers are good for teaching basic skills, which are independent of 

specific surgical scenarios. Because the pelvi trainers use real instrument to perform 

training on specific objects or artificial tissue, they provide haptic feedback and can 

improve hand-eye coordination without simulating the whole process of an operation. 

On the other hand, VR trainers are good for simulating procedure-specific surgical 

scenarios. For example, the LapMentor, the latest product available in the commercial 

market, can simulate a complete cholecystectomy procedure. But to do this requires virtual 

models of all aspects of a procedure. Currently, physical models of the organs are not 

complete. Haptic feedback, a necessary aspect of laparoscopic training, is inaccurate.  

For example, because tissue is elastic, the model must consider deformation. The 

model must respond rapidly to interactive manipulation. Mass-spring and finite-element 

models are by far the most common methods used in surgical simulation. Although 
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finite-element methods are the most accurate, they are computationally intensive. 

Mass-spring models have limitations because realistic deformations require careful 

planning of spring-damper interconnections. 

Due to those weak points, VR trainers often leave trainees feeling as if they are playing 

computer games. Sometimes, bad training is even worse than no training. Although almost 

all experiments claimed that the participants improve on their learning curves, the trainees 

are really familiar with the VR trainer itself, not the real MIS. That is why some 

experiments show inconsistent results. 

Second, although it is easy for the pelvi trainer, it is hard for VR trainers to provide 

complex training exercises such as suturing, an elementary procedure during an operation. 

The reason is that simulating the suturing process requires complex physical models for 

multiple objects, e.g. instruments, tissues, cords. Given current technology, no system 

provides decent real-time calculating ability. 

In addition to the realistic feeling, a simulator is supposed to tell the trainee and the 

trainer how to identify mistakes; how to evaluate the trainee’s process; and how to evaluate 

the training results. Current pelvi trainers fall short in these aspects according to research 

done by Hamilton [Hamilton 2002], who presented a comparison of pelvi trainers and 

virtual reality training systems. The results showed the group trained using virtual reality 

trainers showed more improvement than the group trained using pelvi trainers. The reason 
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was that the VR trainers provide multi-metrics information which helps trainees inspect 

and correct their errors efficiently. For instance, after one exercise, the LapMentor could 

replay the performance, giving the trainee information about the total time, average speed, 

total length of the path, and accuracy rate. It evaluates the trainee by comparing his or her 

performance with a predetermined optimal performance. Students use pelvi trainers can 

only be evaluated using video playback. The only quantitative measurement device used 

with the traditional pelvi trainer is the stopwatch. 

In some cases, it is obvious how the multi-metrics information provided by the VR 

trainers can improve training. For example, inexperienced surgeons frequently lose their 

perception of the position of the laparoscopic instrument. Some surgeons will make a sharp, 

sudden movement to locate the instrument, similar to the way people move their mouse to 

find the lost cursor on the screen. From the surgical view, this practice is dangerous 

because within the narrow working space, the tip of the instrument can easily injure some 

tissue without being noticed. If we record the whole trajectory of the instrument, it is easy 

to find these kinds of dangerous movements and try to minimize them. 

Based on the above, we can conclude that pelvi trainers are good at physical model 

simulation while virtual reality trainers are better at assessment. Our hope for the SAES 

project is to bridge the gap between them using the advantages of both approaches to 

design a system that is simple, yet effective and efficient. 
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2.3. Sensing Technologies 

Intelligent sensors are essential components for the SAES. Sensors are a type of 

transducer that converts one type of energy to another for various purposes, which are 

usually electrical, electronic, or electro mechanical used in our daily life. Applications 

include automobiles, machines, aerospace, medicine, industry and military. To our 

knowledge, the SAES for MIS training is the first approach that uses intelligent sensing 

technology to assist in accurate tracking of instruments’ positions and movements. The 

system fuses data from sensors and provides the information to surgeons. In the following, 

a literature review of medical sensor research and sensors implemented in the training 

system will be provided. 

There are currently various kinds of medical sensor utilizations such as 

electrocardiogram (ECG), magnetic resonance image (MRI) and so on. Medical sensors 

aim at monitoring the status of patients. In what follows, we focus on sensors that can be 

used to improve the performance of laparoscopic surgery.  

2.3.1. Sensors for display 

The most important sensor for MIS is the laparoscope itself. Camera is a necessary 

component of the laparoscope. With the development in the mid-1980s of video cameras 

that could be coupled to a laparoscope, surgeons were finally freed from direct 
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visualization through the laparoscope itself [Bieber 2003]. Considerable effort has been 

expended to convert the two dimensional camera image into a three dimensional image. 

Carl Zeiss and Welch Allyn have both developed 3D laparoscopes [Hanna 2000]. 

Recently, the da Vinci Robotic Surgical system from Intuitive Surgical, Inc. was used to 

perform a robotic cholecystectomy. The da Vinci system provides a three dimensional 

representation for the surgeons by employing a three dimensional endoscope [Intuitive 

Surgical]. InnerOptic introduced a patented 3D laparoscope technology, initially 

developed by researchers at the University of North Carolina at Chapel Hill [InnerOptic 

Technology]. InnerOptic’s 3D laparoscope system allows surgeons to perform MIS as if 

they were performing open surgery, since it provides a real-time view into the body in 

vivo imagery that is both stereoscopic and head-tracked (Figure 5). 

 

Figure 5 InnerOptic's 3D laparoscope [InnerOptic Technology] 

Szema et al. introduced a scanning stereoscope developed for use in minimally 
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invasive biomedical applications [Szema 2003]. The system is based on the compound 

eye of insects, which is composed of many light-sensitive elements each capturing a 

portion of an image. Overlapping fields of view allow for the measurement of object 

distance and size. This is beneficial for MIS, because of the lack of depth perception and 

limited filed of view. 

A modern diagnostic method called endoscopic ultrasonography (EUS) 

[Cysewska-Sobusiak 2006]. Based on two imaging techniques: videoendoscopy and 

ultrasonography (USG), EUS is used to detect pancreas stones. In addition to the 

endoscope, rotating the USG probes enables acquiring images vertical to an axis for the 

round angle area. EUS imaging has proved a very effective method for detecting stones 

without disturbances occurring at conventional ultrasound imaging. 

2.3.2. Sensors for tissue measurement 

One of the most critical issues in laparoscopic surgery is that surgeons lose both 

tactile and kinesthetic sensibilities because the elongated tools were affected by suffer 

friction and backlash in the transmission mechanism. These effects are so serious that it 

becomes difficult to discriminate the anatomical nature of the manipulated tissue. 

Bicchi et al. proposed a sensorized MIS tool for detecting tissue elastic properties 

[Bicchi 1996]. They designed a module to measure the force actually applied by the tools 

to the tissue and the angular displacement of the tool jaws. The sensor was integrated 
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with the instrument of laparoscopic surgery. (Figure 6) shows sensors inside the module. 

The ring c is fixed to a rigid beam; strain gauges a are fixed on opposite side of the ring; 

LED d is fixed to the ring by means of a small fixture; the ring follows the rigid beam 

movement and the light spot changes position on the position sensing device b; the 

position sensing device is integral with the structure e which join the two pieces of the 

tool: the handler and the utensil part. The module was able to monitor the applied force of 

the instrument and to extract some of the viscoelastic characteristics of the manipulated 

tissue. 

 

Figure 6 Sensor for detecting tissue elastic properties [Bicchi 1996] 

Brett et al. described another force sensor application in 2000 [Brett 2000]. They 

designed a force sensor to measure the force distribution of the stapedotomy drill, used in 

surgery for micro-drilling the bone tissue of the stapes footplate. By monitoring the feed 

force and drill torque sensory signals, and then by automatically identifying the features 

that indicate the presence of the medial surface at the drill tip, drill motion can be 
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adjusted to avoid or control the level of protrusion. 

Verimetra, Inc. has developed a device called the data knife [Rebello 2004]. They 

embedded different strain sensors along the edges of the scalpel to sense the amount of 

force being applied (Figure 7). Pressure sensors measure the characteristics of material 

surrounding the blade. The tool provides surgeons real-time information about tissue 

classification and force data. 

 

Figure 7 Data knife [Rebello 2004] 

Ultrasonic transducers can be used to measure tissue density, which can be used to 

assist the surgeon in identifying tissue. Verimetra, Inc. developed MEMS (micro electro 

mechanical systems) devices (Figure 8) for detecting the location of bone in tissue. The 

sensors will be applied in atrial fibrillation surgeries. 
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Figure 8 Ultrasound transducers next to a dime [Rebello 2004] 

2.3.3. Sensors for tracking 

Performing a laparoscopic surgery procedure has been likened to writing your name 

holding the end of an eighteen-inch pencil [Diamiano 2000]. The exact position of the 

instrument needs to be determined for safe procedure. Therefore, a tracking system is 

essential. 

One tracking technique is based on computer vision. Markers are placed on the ends 

of the surgical instruments, and the image is acquired through the use of visible and 

infrared cameras. The markers must not interfere with the surgery in any way and, 

therefore, should be as small and lightweight as possible. After calibration, the pixels of 

the instruments can be mapped to a space coordinate. 
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Optical tracking systems (OTS) also can provide reliable and accurate position 

information for medical applications [Birkfellner 1998]. The drawback of such systems is 

that a free line-of-sight between the LED mounted on the instrument and the camera 

assembly has to be provided. This requirement is difficult in a crowded operating room. 

Another tracking method is ultrasound sensors, which can be placed at the tips of 

tools. Verimetra, Inc., Carnegie Mellon University, and Children’s Hospital of Pittsburgh, 

PA are developing ultrasound-tracking technology for fetal surgery where accuracy is of 

the utmost importance [Rebello 2004]. Each surgical tool will have up to nine ultrasound 

transducers arranged in a constellation to determine position and orientation (Figure 9).  

 
Figure 9 Ultrasound tracking system for fetal heart surgery [Rebello 2004] 

Tatar et al presented another ultrasonic sensor system for tracking laparoscopic 

instruments [Tatar 2002]. The transmitter is mounted on the handle of the instrument, and 

a receiver matrix is implemented for better accuracy. The main measuring principle is 

based on a pulse time-of-flight (TOF) estimation. 
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Position and orientation can also be detected using accelerometers and gyroscopes. 

The signal can be integrated to determine or predict the distance traveled by a surgical 

tool. At the present time, more accurate inertial sensors need to be developed before 

being inserted into surgical tools. 

2.4. Sensor fusion 

A sensor fusion method is used to collate the various sensor outputs. The goal is to 

minimize cognitive overload for the users, while present them with the required 

information. Applications for multi-sensor data fusion are widespread. In most 

applications, basic objectives include detection, recognition, identification, tracking, and 

monitoring of an object. The applications can be roughly classified into two groups, 

military and nonmilitary applications. 

Sensor fusion techniques were first introduced in military applications. Most military 

applications deal with detection, location, tracking and identification of military entities 

such as ships, aircraft, weapons and missiles, which can be static or dynamic. Specific 

examples include automated target recognition for smart weapons, guidance for 

autonomous vehicles, remote sensing, battlefield surveillance, and automated threat 

identification. These applications are involved in ocean surveillance, as well as air-to-air 

and surface-to-air defense systems. 

Nonmilitary applications of sensor fusion cover a wide spectrum. Techniques 
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developed for military applications can be applied to nonmilitary sensor fusion 

applications readily. The nonmilitary applications include monitoring of manufacturing 

processes, robotics, air traffic control, law enforcement, remote sensing, and medical 

diagnosis.  

Air traffic control applications can easily adapt techniques developed for military 

surveillance [Akita 2002]. In fact, the problem is easier because the aircraft to be 

monitored are cooperating rather than hostile targets. Radar and infrared sensors are used 

in this kind of application. 

Remote sensing applications employ synthetic aperture radar (SAR), infrared, and 

electromagnetic sensors for earth observation [Leonard 1998]. They can monitor crops, 

weather patterns, mineral resources, and environmental conditions.  

In the industrial area, various applications include in-process work piece handling, 

loading and unloading of industrial trucks, welding, inspecting, fault diagnosis, and 

assembly lines. Different kinds of sensors are involved in these applications. Another 

important application of sensor fusion is robotics. In hazardous working conditions, robots 

are extremely useful. They must have the capability to both control themselves and interact 

with the surrounding environment. Robotics has greatly benefited from sensor fusion 

concepts. Sensors gather the information needed for fusion and inference so that robots can 

transport and manipulate objects while avoiding obstacles automatically. 
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In the medical field, physicians usually use fusion techniques in integrating 

information gathered by visual observation, thermometer, stethoscope, X-ray imaging, 

nuclear magnetic resonance (NMR), acoustic imaging, etc. Accurate diagnosis depends on 

fusion of all available information. The paragraphs below review literature related to 

medical sensor fusion. 

Bellot et al. proposed a formal framework for defining sensor fusion processes [Bellot 

2002]. The notion of qualified gain was proposed: gain in representation (abstraction level 

of data at the end of a fusion process), completeness (effectiveness of the fusion process to 

enhance the description of an environment), accuracy (reduction of noise and 

approximation of data after fusion), and certainty (increase of the belief in data after the 

fusion process). Computing the gain given by a sensor fusion process helped the developer 

estimate the utility of the application. When the gain was positive, the application was 

useful for its given purpose. If the gain was negative, the application would need human 

work. Such work could be provided by an external agent such as a human expert, or by 

using a new data source. These notions were applied to a medical monitoring and diagnosis 

problem where a dynamic Bayesian network is used to model a time series of observations 

and evolving states. The model aimed at giving a daily diagnosis. 

Hung et al. proposed the application of wearable medical devices for tele-home 

healthcare [Hung 2004]. Hung’s group implemented miniature and wearable biosensors for 
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continuous acquisition of multiple biological signals, including a cuffless blood pressure 

meter, a finger-ring sensor for heart rate monitoring, and a Bluetooth based 

electrocardiogram (ECG) monitor. Short-range, wireless communication between sensors 

and a home-based intermediate terminal was applied to acquire the data from the sensors. 

The data would then be sent via mobile phone to a remote data access point. Figure 10 

shows the processing architecture of their proposed multi sensor data fusion system for 

patient-monitoring. Features are extracted from the data provided by multiple wearable 

sensors and then combined into a concatenated feature vector, which is then used in pattern 

recognition for pre-diagnosis. They claim that new multi-sensor data fusion methods, 

especially for bio-information monitoring, will become widely accepted for at home 

monitoring. 
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Figure 10 Processing architecture of the multisensor data fusion system for patient 

monitoring [Hung 2004] 

Akay et al. proposed a system for medical consultation and education using 
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multimodal human/machine communication [Akay 1999]. The presented a multi-user, 

collaborative environment with multi-modal human/machine interfaces. The experimental 

setup, consisting of two user stations, and the multimodal interfaces, including sight 

(eye-tracking), sound (automatic speech), and touch (microbeam pen), were tested and 

evaluated. Users communicated with the application, which understand them by using 

eye-tracking, speech recognition, and microbeam pen. The presented approach offered a 

significant reduction of costs by reducing time and effort on the part of radiologists. It 

provides all of the benefits of face-to-face meetings for geographically separated 

participants. Combined with video-teleconferencing tools, the system further helped the 

participants to communicate with each other simultaneously. 

Wang and Wang described a multi-sensor adaptive heart and lung sound extraction 

method in 2003 [Wang 2003]. Because environmental noise in operating rooms is 

unpredictable and broadband, lung and heart sounds are usually hard to monitor. They 

proposed a signal processing method that used an embedded signal for system excitation 

and identification, an adaptive algorithm for updating systems so that time variations can 

be compensated, a signal separating algorithm to extract desired signals, and an adjustable 

filter to reduce noise impact on the target signal components. They claimed the approach 

provided superior performance than individual fixed filters or statistical based sound 

separation. 
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Cysewska-Sobusiak et al. designed the endoscopic ultrasonography method (EUS) 

[Cysewska-Sobusiak 2006]. This method is based on two imaging techniques: 

videoendoscopy and ultrasonography (USG). It is useful both in diagnosis and in 

evaluating possibilities for performing a radical surgical. EUS allows ultrasound to be 

performed inside the human body at the same time as endoscopy, and then combines the 

endoscopic view and the ultrasound picture, allowing clinicians to see beyond the standard 

images. Two methods can be performed to get the EUS image: one is direct combination of 

endoscopy and USG, where a small ultrasonic transducer is incorporated into the tip of an 

endoscope (Figure 11). The EUS may be more reliable than endoscopy as well as the CT, 

because EUS miniprobes may get close to the organs examined inside the body. 

 

Figure 11 the EUS miniprobes incorporated at the video endoscope [Cysewska-Sobusiak 

2006] 

Sato and et al. described augmented reality visualization for the guidance of 
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breast-conservative cancer surgery [Sato 1998]. Their method used ultrasonic images 

acquired in the operating room just before surgical resection. 3-D tumor models were 

constructed by combining an optical 3 dimensional position sensor with the ultrasonic 

image (Figure 12). Superimposing the 3-D tumor models onto live video images of the 

patient’s breast enabled the surgeon to perceive the exact 3-D position of the tumor, 

including irregular cancer invasions which cannot be perceived by touch. Experiments 

showed that the 3-D models reconstructed from ultrasonic images could be accurately 

integrated with live video images. Clinical experiments demonstrated the potential 

usefulness of the visualization provided by the system for determining the region for 

surgical resection in a more objective and quantitative manner. 

 

Figure 12 Image guidance system for breast cancer surgery [Sato 1998] 

Leonard presented a Computer Assisted Minimally Invasive Surgery (CAMIS) system, 

which combined preoperative 3-D images and intro-operative localization to register 

patient with this imagery [Leonard 1998]. A PC based ultrasound system developed by 
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Washington University was modified to add localization capabilities. Then using a unique 

single point calibration procedure, the project of the ultrasound 2-D coordinates into full 

3-D patient coordinates was developed. Thus the 3-D coordinates of any point in the 

ultrasound image can be directly calculated from this mapping. 

Zhang et al. presented a medical diagnostic image fusion method based on feature 

mapping wavelet neural networks [Zhang 2004]. The fusion methods consisted of four 

steps: feature detection, feature matching, model estimation, and image re-sampling and 

transformation. Wavelet transformation was adopted as the activation functions of synapse 

neurons instead of sigmoid functions, to be combined into the self-organizing feature 

mapping wavelet neural network (SOFMWNN). The proposed scheme was examined in 

the experiment that magnetic resonance (MR) and single photon emission computed 

tomography (SPECT) imaging data set were fused to show the anatomical and functional 

images of the human brain. The fusion result was to supply anatomical information for the 

accurate detection of pathologic areas characterized. 

2.5. Performance Assessment 

How to make a correct performance assessment based on the sensing data is an 

important issue in surgery training. Various research has attempted to give MIS training a 

better performance evaluation capability. Stylopoulos et al. presented a 

computer-enhanced laparoscopic training system (CELTS) capable of tracking the motion 
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of laparoscopic instruments and providing feedback about performance in real time 

[Stylopoulos 2004]. The CELTS consists of a mechanical interface, a customizable set of 

tasks, and an internet-based software interface. They administrated a survey to a panel of 

30 expert surgeons. The results confirmed the assumption that the medical community was 

not satisfied with the currently available virtual reality simulators. In addition, the metrics 

parameters widely used in currently available simulators (time and total path length) were 

rated lowest in importance. The metrics were ranked most important in assessing task 

performance included:  

 Smoothness of motion, measured by the instantaneous jerk defined as 3

3

dt
xdj = , 

and representing a change of acceleration. The time-integrated squared jerk is 

minimal in smooth movements  
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 Depth perception, measured as the total distance traveled by the instrument along 

its axis  
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 Response orientation, which represented the amount of rotation about the axis of 

the instrument and illustrates the ability to place the tool in the proper orientation 

in tasks involving grasping, clipping or cutting.  
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Sokollik et al. proposed a new model for skills assessment and learning curve progree 

in MIS [Sokollik 2004]. The approach was to use the tracking of motion for the definition 

of objective metrics. They tracked the 3D coordinates of the instruments tips with an 

ultrasound system. The metrics included already validated parameters (time, error time, 

and distance efficiency ratio) and other metrics such as transit profile and speed profile. 

The transit profile was used for analyzing transit characteristic shapes and other 

features. To do this, the transit trajectory was projected onto a 2D image. In this way, the 

z-values would be lost while a description of time-dependent movements in terms of planar 

coordinates can be retrieved. The value described how close the instruments came to the 

target point in rapid movement. 

The speed profile was the speed curve during a transit approach. It showed a 

characteristic shape: a rapid increase to a maximum, followed by a slower decay. It was 

assumed that novices have a longer phase of a relative low speed at the end, while they try 

to touch the target. This phenomenon was translated into a time relationship between peak 

width and overall time. 

2.6. Inference Engine 

An intelligent inference engine is necessary for the projection level of the situational 
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awareness enhancing system. Robert S. Ledley published a series of papers related to the 

reasoning foundations of medical diagnosis problems [Ledley 1959] [Ledley 1969]. 

Symbolic logic, probability, and value theory were used to aid computer understanding of 

how physicians reason.  

Wolberg and Mangasarian proposed a multi-surface method of pattern separation for 

medical diagnosis applied to breast cytology [Wolberg 1990]. Multi-surface pattern 

separation is a mathematical method for distinguishing between elements of two pattern 

sets. Each element of the pattern set is comprised of various scalar observations. The 

authors used the diagnosis of breast cytology to demonstrate the applicability of this 

method to medical diagnosis and decision making. In their experiment, 11 cytological 

characteristics of breast fine-needle aspirates (FNAs) reported to differ between benign and 

malignant samples were each graded 1 to 10 at the time of sample collection. Benign points 

were separated from malignant ones by planes determined by linear programming. The 

result showed that correct separation was accomplished in 369 of 370 samples (201 benign 

and 169 malignant).  

Moret-Bonillo et al. presented a semantic-based methodology for intelligent 

monitoring in the ICU called the PATRICIA project [Moret-Bonillo 1993]. Maintaining 

adequate pulmonary gas exchange is one of the most important problems in intensive care 

medicine (ICU). When a patient’s endogenous respiratory function fails, the patient must 
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be artificially ventilated until the primary pulmonary or extra-pulmonary cause is 

eliminated or controlled. The PATRICIA was an intelligent monitoring system able to 

interact with instruments and different sources of data in a non-sequential manner. It could 

adapt to different contexts encountered in the problem domain, recognize spurious data and 

inconsistent information, and prioritize the different monitoring tasks to adapt them to the 

time constraints of the environment and the needs of individual patients. The PATRICIA 

prototype was tested using 147 ICU data sets of patients from the Hospital Juan Canalejo 

(La Coruna, Spain) [Moret-Bonillo 1993]. Agreement between the medical team (who 

managed the cases at the bedside) and PATRICIA (who managed the cases off-line) was 

analyzed. The results presented the PATRICIA could be a useful tool for the management 

of patients receiving mechanical ventilator support. 

Burghart et al. proposed an online motion planning method for medical applications 

[Burghart 1998]. The method can be used by a surgical robotic system for maxillofacial 

surgery. The intra-operative surgical tool enables the surgeon to plan an operation on a 3 

dimensional computer model of the patient rather than 2 dimensional X-rays. Motion 

planning and the modeling of the intra-operative environment prove to be complex due to 

possible movements of the patient and the soft tissue structures. The approach used a 

triangulated surface model of the patient, a CAD model of the operating theatre and the 

surgical robot, the hooks in the operating field and a monitoring device to generate an 
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appropriate environment model, which is the input to the motion planer. The robot’s 

trajectories can then be computed online during surgery, depending on the actual situation 

on the operating table. 

Ennett and Frize presented weight-elimination neural networks applied to coronary 

surgery mortality prediction [Ennett 2003]. Back propagation feed forward artificial neural 

networks (ANNs) with weight-elimination feature was implemented to estimate mortality 

for coronary artery surgery patients. The ANNs were trained and tested on cases with 32 

input variables describing the patient’s medical history; the output variable was in-hospital 

mortality. Compared with additive and statistical models in the literature, the 

weight-eliminated neural network achieved similar classification performance results. 
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3. SYSTEM FRAMEWORK 

As stated in the introduction to the last chapter, we want to develop a fully integrated 

situational awareness enhancing system (SAES) for the MIS training. The system will 

provide a high fidelity training environment, multiple training scenarios, goal driven 

repeatable, structured exercises, and objective performance assessment capabilities. In 

addition to its application in training, the system can be introduced into the real operating 

room environment to give surgeons on-line guidance and security assistant. 

3.1. System Framework 

Our design features the embedding of micro-sensors into the instruments employed for 

simulation training. By detecting and recording instrument movement, our system can not 

only measure a trainee’s progress in acquiring psychomotor skills and compare these data 

to normative databases, but also evaluate instrument effectiveness in reducing error. From 

a training perspective, the sensor based system tracks and returns information on various 

performance metrics such as position and velocity of instruments, total path length of 

motion, erratic movements, time taken, number of attempts, dexterity, etc. From a surgical 

assistance perspective, the system will be capable of providing surgeons with guidance and 

feedback during a surgical procedure 



59 

Figure 13 shows the framework of the training system [Feng 2006]. The system on the 

left is a model of the traditional system, where the surgeon acts upon the patient or 

simulator through instruments and receives visual and force feedback. The system on the 

right is a model of the proposed design where the surgeon acts upon the patient or simulator 

through instruments and receives visual and force feedback, which is also supplemented by 

guidance feedback from the supervisor both in training and OR settings. The supervisor 

represents the sensing interface and the knowledge-based computer system, which offers 

another dimension of sensing, data processing, and feedback can not be achieved by human 

being. To our knowledge, this SAES is the first approach to embed micro-sensors into the 

instruments employed for traditional pelvi-trainer.  

 
Figure 13 Framework of the training system 
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The supervisor is the kernel of the system. It consists of a sensor fusion engine at the 

front-end and a knowledge based inference system at the back-end. A senior surgeon or 

instructor, represented by ‘Expert’ in Figure 14, could optionally be present to provide 

additional guidance and feedback. 

 

Figure 14 Supervisor structure 

 
Figure 15 The training system prototype 
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3.2. Model-Based System Design 

A model-based design approach was implemented to achieve system development. 

Model-based design enables a hierarchical design process in which the entire design is 

initially defined at a conceptual level and detail is added as necessary to deliver the needed 

functionality. The model is used to define specifications, evaluate design and system 

performance, automatically generate code, perform hardware-in-the-loop testing, and 

create a software-based test harness for testing production hardware. Figure 16 shows the 

hierarchical design process including the following steps: 

 
Figure 16 Model-based design process 
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1. Define the system requirements 

2. Model the behavior of the system 

3. Simulate the entire system model to accurately predict and optimize performance. 

4. Refine the models 

5. Implement the design 

The approach enables developers to evaluate multiple options, predict systems 

performance, test systems functionality by imposing I/O conditions that might be 

operationally expected, and test designs. The model based design approach substantially 

reduces development time by rapidly leading to complete and functional proof-of-concept 

designs and enabling rapid design iterations and parameter optimization through a unified 

design, simulation, and test environment. Furthermore, model-based design creates a 

structure for software reuse that permits established designs to be effectively and reliably 

upgraded in a simpler and more cost effective manner. 

The entire system model structure is shown in Figure 17. Three layers define the whole 

system specification. The perception layer is achieved by the sensors and tracking 

algorithm; the comprehension layer consists of the assessment metrics calculation engine 

and sensor fusion engine; and the projection component is achieved by a knowledge-based 

inference engine, optimal path generator, and the no-fly zone generator.  
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Figure 17 System model structure 

3.3. Sensor Technology 

Sensors are a key element of the system. Embedding micro-sensors into the actual 

instruments employed during simulation training not only permits us to establish 

normative data for training protocols but also allows us to quantitatively compare 

instruments and even individual manufacturers.  

From the data obtained from the position and image sensors, the inference engine 

calculates key instrument motion metrics. Sensor fusion technology is used to combine 
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sensory data from disparate sources. These sources of information include the laparoscopic 

camera, 6 degrees-of-freedom (DOF) magnetic kinematics sensors and reference 

information such as the safety operational area. Different data processing levels are 

involved within the sensor fusion engine. An example is the “Hybridview”, shown in 

Figure 18, showing the movement of the instruments in the surgical space. “Hybridview” 

fuses information from the laparoscope’s video image and the motion data by overlaying 

positions of organs and objects with the path history of the instruments. 

 

Figure 18 “Hybridview” illustration 

3.4. Objective Performance Assessment System 

Surgeons maneuver instruments to perform a variety of tasks. Through training, they 

need to gain a clear feel for what constitutes safe and correct movement. During a surgical 

procedure in the OR, potentially harmful movements must trigger an alarm if they cannot 
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be prevented altogether. 

To achieve this, we implement capabilities for objective performance assessment and 

feedback. An overall score is computed upon completion of the procedure. Context rules 

are constructed based on empirical expert knowledge about laparoscopic surgical 

processes. An inference engine using forward chaining methods of reasoning operates by 

searching the inference rules until it finds one where an “If” clause is determined to be true. 

It can then conclude, or infer, the “Then” clause, resulting in the addition of new 

information to its dataset. The inference module can use these rules to assess the trainee’s 

performance in real time and provide appropriate feedback. 

The knowledge-based inference engine is developed as a program models the 

decision-making processes of experts. This allows the system to determine whether a 

particular action is potentially harmful, the reason(s) why the action could be harmful, and 

present appropriate feedback to prevent injury and reinforce correct technique.  

The decision step following the feedback step enables the user to request modification 

of the rule base if the inference system provides inaccurate or unsatisfactory feedback. An 

expert can review the request and make modifications as appropriate to the rule base. 

3.5. Guidance Feedback 

The system could provide real-time feedback to assist surgeons during a procedure. 

The inference engine could process motion data from the micro-sensors embedded in the 
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surgical instruments and provide the surgeon with a virtual bound for instrument motion 

and manipulation.  

Potential field methods of motion planning are employed to help the system determine 

the ideal direction of motion based on current position. Performance assessment will be 

calculated against the “steepest descent” path in the C-space. Movement towards the 

steepest descent path will earn credit and movement towards obstacles will impose 

penalties.  

A computer generated “no-fly zone” was introduced to provide additional safety 

checking for both training and used in a real OR setting. In training, the trainee would be 

required to repeat the motion within the safety bounds until a motion rule check is pass. In 

a real operating procedure, the instrument movements could be restricted only in specific 

areas to enhance surgical safety. 
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4. PERCEPTION LAYER DESIGN 

The perception layer is the most basic level of the system. Basic sensor deployment 

and detection and tracking mechanisms were implemented. Hence, the training system 

can provide multi-metrics performance monitoring capability, which will improve the 

training quality remarkably. Magnetic sensor microBIRD [Ascension Technology] was 

used in our SAES. 

4.1. Sensor Deployment 

The main advantage of the system is the integrated sensing technology. Using the 

pelvi trainer, various kinds of sensors and the knowledge-based inference system which 

offers performance assessment, the training system can track and return information on 

various performance metrics. 

microBIRD kinematics sensors [Ascension Technology] are utilized in the SAES for 

tracking the movements of the instruments. The sensing system is a kind of 

electromagnetic tracking system (EMTS) not dependent on a free line of sight and 

provides high data update rates. The microBIRD system includes a magnetic field 

transmitter, two position sensors (1.3mm in diameter) and a PCI interface data processing 

card. The measurement rate is 68.3 Hz with linear accuracy of ±1.4mm and rotational 
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accuracy of ±0.5 degrees. The transmitter remains fixed to provide a fixed reference 

Cartesian Space for position tracking. Because the microBIRD sensors track movement 

by DC magnetic field, they can function within the body. Another advantage of the 

microBIRD sensor is that the diameter is just 1.3mm, small enough to be mounted on the 

tip of the laparoscopic instruments without impacting the operating procedure (Figure 

19). 

 

Figure 19 microBIRD and the simulator application 

Another sensor within the SAES is the CCD camera connected to the laparoscope. 

Because of the relatively monotone background of the laparoscopic surgery and training 

procedure, a color segmentation method can be easily implemented. Since there are 

almost no blue or green color in the laparoscopic surgery environment [Wei 1997], a blue 

mark can be mounted at the tip of the instrument. During the surgical or training 

procedure, the computer system connected to the camera will capture the video picture in 
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real time with color segmentation to recognize the tip of the instrument. Therefore, the 

position of the instrument can be figured out on the screen.  

4.2. Tracking 

A series of experiments have been performed using the microBIRD tracking system 

within the training system prototype, with satisfactory results. Figure 20 is a screenshot 

of the basic hand-eye coordination training program. The dialog in the left side displays 

the instrument trajectory in 3D space using OpenGL technology. The software displays the 

position data in real time and draws the corresponding movement trajectory of the 

instruments by linear interpolation. The dialog on the right overlays the instrument 

trajectory and image from the camera using “Hybridview” technology, which will be 

discussed in the next chapter. Some statistical information and performance assessment 

records are displayed at the bottom of the right dialog to help the trainer and trainee 

evaluate performance. The software has been used to perform several training and 

comparison experiments.  



70 

 
Figure 20 Hand-eye coordination training 

The position data obtained from the microBIRD sensors is written to a linked-list data 

structure with a time stamp for tracking and recording movements. A multi-thread 

approach was applied for data collecting (Figure 21). The Main Thread sets up the 

environment parameters and activates the Data Collecting Thread during the initiation step. 

It then waits for the synchronization message from the Data Collection Thread. When the 

image stream data is ready, the callback function will be called. Hence, the data collecting 

thread will grab all the data from different sensors (camera, microBIRD), and do some 

preprocessing. It will then save the data into a shared space and send a synchronization 

message to the Main Thread. After that, the Data Collecting Thread blocks itself for the 



71 

next sampling time. The Main Thread will activate as soon as it gets the message, and then 

read data from the shared space for further processing and display.  

 
Figure 21 Data collecting work flow 
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4.3. Future Sensors 

Besides the two kinds of tracking sensors, other sensors can also be incorporated 

within the SAES. One is haptic sensors, which can monitor the force and pressure of the 

instruments. From this data, conclusions can be drawn regarding the surgeon’s and 

trainee’s performance, e.g. whether the surgeon manipulates the tissue correctly. The 

haptic sensor can also provide feedback to the surgeon or trainee about what kind of 

tissue is being worked on. In this way, the system can confirm whether the surgeon wants 

to cut is the right tissue, since different tissues have different resistance and elastic 

characters. 

Ultrasonic sensor image technology can also be implemented to provide information 

about the patient’s organ and tissue position, allowing for the dynamic creating of a 

precise “fly-zone” and “no-fly-zone”. The “fly-zone” would be the safe operational 

region while “no-fly-zone” means critical area. If a surgeon exceeded the boundary by 

mistake, the system would give an alert to stop the dangerous action. 
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5. COMPREHENSION LAYER DESIGN 

The aim of the comprehension layer is to understand the overall situation of the 

objects. Basic performance assessment and sensor fusion methods are implemented at 

this design layer.  

5.1. Sensor Fusion 

The various sensors enable us to observe MIS from different view. For example, the 

microBIRD sensor gives the coordinates of the instrument in the Cartesian system, while 

the camera tells us where the instrument is on the screen. A big issue is how to process 

the large mount of sensor data. In this section, sensor data fusion technology is 

introduced to manipulate the data from different sensors. 

The concept of sensor fusion is not new. Humans and animals have evolved the 

capability to use multiple senses to achieve a more accurate assessment of the surrounding 

environment and identification of threats, so that they can improve their ability to survive. 

With the emergence of new sensors, advanced processing techniques, and improved 

processing hardware, it is now possible for computer system to perform real-time sensor 

fusion [Varshney 1997]. Sensor fusion techniques combine data from multiple sensors 

and related information from an associated database to achieve improved accuracy and 
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more specific inferences than could be achieved by the use of a single sensor alone. 

In general, fusion processing of multi-sensor data provides significant advantages over 

data from a single sensor. In addition to the reliability gained from redundant observation, 

using multi type of sensors can improve accuracy of observation. For example, radar can 

accurately determine an aircraft’s range, but cannot detect its angular direction very well. 

One the contrary, infrared imaging sensors can determine an aircraft’s angular direction 

while unable to measure distance. If we can combine the information from these two kinds 

of sensors correctly, the exact direction and distance of an aircraft target can be properly 

described.  

The advantage of a multi-sensor system over a single sensor system can be quantified 

in terms of improvement in ability to assess the situation [Varshney 1997]. Factors that 

contribute to this include improved system reliability and robustness, extended coverage, 

increased confidence, shorter response time, and improved resolution.  

Some of the key issues in designing a multi-sensor data fusion system are: 

 The nature of sensors available, their resolution, the type and accuracy of data 

collection 

 Whether the sensors are distributed, and if so, whether there is any communication 

constraint on the channels used for data transportation? What are the 

characteristics and formats of the transmitted data? 
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 The computational capability available at the sensors. 

 The system goals and signal processing algorithms to be implemented at the 

sensor and at the fusion level. 

 The system architecture, including topology, communication structure, and fusion 

level. 

The SAES fuses data from sensors and provides useful information to surgeons. To 

enable the data to be correctly understood, the various sensor outputs must be collated to 

form a single representation of operation. The sensor fusion method is used to collate the 

sensor data, with the aim of minimizing the cognitive overload on the surgeons, yet 

presenting them with the information they require. 

5.2. “Hybridview” System Design 

Two kinds of sensors are implemented within the training system prototype, which 

are a CCD camera and microBIRD 6-DOF magnetic kinematics sensors. Sensor fusion is 

the process of combining data from these sensors into a single unified description. 

Different data processing levels can be used to indicate the techniques of sensor fusion. In 

our application, shown in Figure 23, a system with three processing levels generates the 

“Hybridview”. 
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Figure 22 the golf swing analysis system [Gary Brook] 

A “Hybridview”, which overlays the positions of organs and objects with the path 

history of the instruments, (shown in the Figure 18) is one application of the sensor fusion 

method. It is similar to the golf swing training system, which converts golf swings into 

digital images and objective data to help golfers and instructors identify problem areas 

and find solutions (Figure 22) [Gary Brook]. “Hybridview” provides immediate visual 

feedback which allows trainees and surgeons to evaluate their actions [Feng 2007]. 
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Figure 23 “Hybridview” generator 

The input to the “Hybridview” generator is the different kinds of sensors and a 

knowledge database, indicated on the left side of Figure 23. A CCD camera and 

microBIRD 6-DOF magnetic kinematics sensors are used in our application [Ascension 

Technology]. 

The output of the “Hybridview” generator goes to a system interface, shown on the 

right side of the figure. The interface consists of a subsystem interface and a human 

computer interface (HCI). The subsystem interface exchanges information with the SAES 

system while the HCI allows a human operator to input commands and receive information 

from the generator. A “Hybridview” will be output through the HCI so that it can be 

watched by surgeons. The data will also be sent to the inference module of VAST through 

the subsystem interface, where further evaluation and feedback can be made.  

Three processing levels are shown in the system architecture. The first level is Source 

Preprocessing, which synchronizes the information flow from different sensors and 
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distributes data to appropriate processes. The second level is Coordinate Normalization, 

which transforms sensor data into a consistent set of coordinates and estimates the position 

and kinematics of the instruments. In the third processing level, Data Overlay, data are 

fused together so the “Hybridview” can be generated. Detailed design information is 

provided below. 

Knowledge based databases are used to improve the performance of the fusion process. 

Each processing level has critical knowledge about the nature of the problem. Level one 

knowledge represents facts such as maximum moving range and brightness threshold 

relative to lighting conditions. In the second processing level, knowledge includes models 

of computer vision such as possible camera viewing range and possible positions of the 

instruments. Level three models the circumstances for determining how to generate the 

“Hybridview”. A scenario using different level knowledge databases is shown in the 

following: 

Using raw data from the sensors, knowledge level 1 can draw a conclusion about 

whether an instrument is within the video range. Based on that conclusion, knowledge 

level 2 can draw the conclusion whether directly tracking the instrument by camera picture 

is possible. Based on that result from, knowledge level 3 will decide how to generate the 

“Hybridview” through geometry transformation. 
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5.2.1. Level 1: Source Preprocessing 

Source Preprocessing is the first level of the hierarchical processing model, which 

guarantees the synchronization of different data sources. Because the overall objective is 

generating the correct instrument track over the operating site, the camera drives this 

process. When a new frame is captured by the camera, the Source Preprocessing level 

forces the motion sensor to obtain the corresponding 3D coordinates of the instruments and 

to distribute the data to the next processing levels. 

In addition to its data allocation function, the first level also applies signal 

pre-screening and processing to the raw data to reduce the overhead of subsequent 

processing levels. Although the microBIRD kinematics sensors are reliable, there maybe 

outside interference due to features of the magnetic field. A rule-based system is used to 

implement signal pre-screening of the data from the microBIRD sensors. Rules are 

established to minimize the effects of disturbance as follows. 

 If samplenn TVPP ⋅>− − max1  then nP  is incorrect 

 If maxRPP on >−  then nP  is incorrect 

 If o180>θ  then nP  is incorrect 

Because the microBIRD sensor can provide 6-DOF kinematics information of the 

instrument, the position data is a 6 dimensional vector ),,,,,( yawrollpitchzyx θθθ . Where the 

nP  is the coordinate data ),,( zyx  of the n th sample point, oP  is the origin of the global 
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system, maxV  is the maximum possible speed of the instrument, sampleT  is the sample time 

of the system, maxR  is the maximum movement range of the instrument, nθ  is the 

included angle between the initial orientation of the instrument and the direction data  

( )yawrollpitch θθθ ,,  got from the microBIRD sensor. 

Once a picture captured from the camera, pre-processing to the picture is implemented 

for further sensor fusion. Image filters are applied for noise elimination. A median filter is 

used to minimize the noise. After the median filtering, etch and deposition is utilized to 

eliminate singular pixels which cannot be removed by image filtering. 

A color segmentation method is used to finish the image preprocessing. Before color 

segmentation, a color cluster training process [Zhang 2002] is necessary. First, a color that 

does not appear within typical laparoscopic images is chosen to mark the instrument, e.g. 

blue. Then an image of the color-marked instrument will be taken under real working light 

conditions. The mark on the instrument can then be outlined manually to provide a color 

cluster of the mark within the RGB color space. 

During the working period, all pixels within the image are distinguished by color 

segmentation. Each pixel whose RGB value falls within the pre-training color cluster will 

be treated as one element of instrument area set I . Therefore, the color image can be 

converted into a binary data matrix which distinguishes the exact pixels of the instruments. 

Each pixel in the image is mapped to the corresponding position of the data matrix. The 
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matrix is then sent to the object refinement level for further processing. 

5.2.2. Level 2: Coordinate Normalization 

If there are no abnormal signals from the Source Preprocessing level, level 2 — 

Coordinate Normalization will do further processing. This level transforms sensor data into 

a consistent set of coordinates and estimates the position and kinematics of the instruments. 

Before any further operation, a rule module is applied to validate the information sent 

through the previous processing level. Sample rules are shown here: 

 If microBIRD sensor data are incorrect then refinement to kinematics sensor data 

is disabled. 

 If image data are incorrect then refinement to camera data is disabled. 

 If both kinds of sensor data are incorrect then cancel the current working cycle. 

The purpose of the module is synchronizing the functional modules according to the 

source data. Only the validated sensor data will be used for further processing. 

1) Coordinate transformation of the kinematics sensors: 

The intent of the sensor fusion system is to generate a consistent “Hybridview”, so 

transforming the sensory data into the image coordinates is a necessary procedure. Camera 

calibration is the first step when trying to map 3D information to a 2D image taken by a 

camera. Figure 24 shows the mapping relation. The object space is the 3D world space and 

the image plane is the image on a screen. ),,( ZYX  are the coordinate in 3D space. ),( vu  
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are the pixel coordinate in 2D image. 

 

Figure 24 Camera calibration 

To provide real time computing ability, a simple linear mapping algorithm called 

Direct Linear Transformation (DLT) is implemented. DLT uses a linear camera model to 

extract pixel coordinates from the 3D data. The purpose of camera calibration is to 

determine camera parameters, which can be categorized into intrinsic parameters and 

extrinsic parameters. 

Intrinsic parameters are attributes of the camera affecting the image that don’t depend 

on the position and orientation of the camera in space. For a linear camera model, five 

parameters are considered, namely the focal length f ; the pixel width m  and height n ; 

and the pixel coordinate at the optical center cu  and cv . The linear projective 

transformation from projective space into the image plane is expressed in equation 4. 
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Where s  is the scaling factor. ( )ccc ZYX ,,  represents the position vector in 

projection space.  

An extrinsic parameter is the position of the camera in the real world. In Euclidean 

space, there are 6 parameters, including position coordinates ( )zyx ,,  and direction 

( )yawrollpitch ,, . Equation 5 shows the mapping function: 
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Where ( )ccc ZYX ,,  represents the coordinate vector in projection space, 

( )www ZYX ,,  represents the coordinate vector in global space, R  is the 33×  rotation 

matrix indicating the direction and t  is the origin shift matrix ( )Tshiftshiftshift ZYX ,, . 

Finally, the DLT mapping function can be expressed as equation 6: 
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Where 111 LL L  are the parameters of transformation, which are the combination of 

the camera’s intrinsic and extrinsic parameters. ( )www ZYX ,,  are the 3D space 

coordinates, and ),( vu  is the 2D image pixel. Rearrange equation 6, we can get linear 
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equations 7: 
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By expanding equation 7 for more than 6 control points, an over determined (number 

of equations > number of unknowns) equations can be derived. This equation can be solved 

using the least square algorithm [Abdel-Aziz 1971]. 

The drawback of DLT is that the calibration method cannot adapt to camera 

movements during the operation. To solve this issue, we need to modify the camera 

parameters in real time. 

Because intrinsic parameters do not change when the camera moves, our approach was 

to modify the extrinsic parameters only. A virtual camera algorithm is applied as follows: 

Assume the camera is fixed in a specific position, after the calibration. An isomorphic 

mapping function can be built as below:  
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Where vu,  are the pixel coordinates in image plane and ccc zyx ,,  are the 3D point 

coordinates in world system, which is called cS . cX  is the expended vector 

T
ccc zyx ),,( . 
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When the camera moves, the world system cS  will not move, so there exists a 

transform matrix M  that indicates the position and orientation of the camera movement. 

The mapping function is: 

cc XMX ⋅='                               9 

The original mapping function in equation 5 can be used. However, the point cX  has 

been transformed into a new coordinate '
cX  within the new world system. So the point 

'
cX  will be mapped to a new pixel )','(' vuP = as below: 
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From equation 8, we can confirm that the camera calibration parameters L need not be 

modified any further. We need only to continuously refresh the transformation matrix M  

so that it can express the transform relationship. In the next processing level, a detailed 

solution for refreshing the transformation matrix is described, related to the result from 

image analysis. 

2) Coordinate transformation of the camera data:  

The image data matrix sent from the Source Preprocessing level is a 2D binary data set 

that indicates the result of color segmentation. The position of the instrument must be 

acquired from the image data. The center of mass is used to indicate the instrument’s 

position. Within the binary image, the center of mass can be calculated according to 
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equation 11: 

∑= ii rv
S

P 1                               11 

Where S  is the sum of the particle pixels, ir  is the position of the i th pixel, which is 

the distance from the pixel to the origin of the image, iv  is the value of the i th pixel, P  

is the center of mass. 

5.2.3. Level 3: Data Overlay  

The purpose of the Data Overlay level is to generate the “Hybridview” from the 

different data sources. 

As previously mentioned, the transformation matrix M  is used to indicate the shift 

and rotation of the camera. M  is set to a unit matrix when the system is initialized since 

there is no camera movement. When the camera is moved according to surgical need, the 

matrix must be refreshed in real time. 

If the 3D coordinates and the corresponding 2D pixels are known, the only unknown in 

equation 9 is the M , which consists of 6 moving parameters of the camera: 

),,,,,( rollyawpitchzyx θθθ . These points, with known 3D to 2D mapping relationships are 

called reference points. According to equation 10, the first three reference points can be 

used to calculate M  when the camera moves. The Newton method is used to solve the 

nonlinear equations. 

The Newton Method is an efficient root-finding algorithm for nonlinear equations. It is 
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easily implemented in the system without any significant computational power 

consumption. First, one point is selected from the equations and then the functions are 

replaced by their gradients. The roots of the gradients are better approximations than the 

original point. Equation 12 shows the iterated process. 

)(1
1 kkkk XfJXX ⋅−= −
+                         12 

Where kX  is the moving parameters in k th iteration, )( kXf  is the transformation 

function, and kJ  is the Jacobean matrix kk XXf ∂∂ /)( . In our application, the inversion 

of the Jacobean matrix has been computed offline and embedded inside the fusion program 

to speed up the processing time. 

According to the feature of DLT, the matrix obtained from the above algorithm can 

only fit a small area close to the current position of the instruments. Therefore, the matrix 

needs to be modified continuously during the process. In order to efficiently modify the 

transformation matrix, error E  is defined as below: 

)','(),(: vvuuvuE −−=ΔΔ=                          13 

Where ),( vu  is the pixel position got from image analysis and )','( vu  is the pixel 

got from 3D to 2D mapping. E  is the vector indicating the difference between 2 separate 

data sources. The modification rule is indicated in equation 14. 

If ∑ > ETE then refresh, else continue                14 

Where ET  is the threshold of accumulated error, and ∑ E  is the integration of 
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errors, which can eliminate random noise and calculation inaccuracy.  

After obtaining the transformation matrix of the 3D to 2D mapping, the “Hybridview” 

is generated according to Figure 25. 

 
Figure 25 “Hybridview” generating flow chart 

5.3. “Hybridview” Experiments 

To evaluate the proposed method, several experiments have been conducted. Result 

regarding camera calibration, image analysis, and the 3D-2D transformation are discussed 

separately in this section. 
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5.3.1. Camera calibration 

Camera calibration is the first step of the “Hybridview” fusion process. In our 

application, DLT is used to obtain the camera parameters. To acquire the camera parameter 

vector L , a calibration testing board is applied. The calibration board contains a 

rectangular coordinate network with 11×  inch in size with one inch margins. Thus the 3D 

coordinates in the world space and the corresponding 2D pixels can be determined easily. 

 
Figure 26 Camera calibration board 

The experiment process is described below: 

 Fix the camera and calibration board in space. 

 Capture a picture of the calibration board by the camera. 

 Determine n (n > 6) pixels, as shown in Figure 26. 

 Determine the related 3D point coordinates. 
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 Calculate the calibration parameters L  according to equation 7. The least square 

method is used. Table 1 shows the calibration results and errors. The accuracy is 

sufficient for the “Hybridview” application. 

3D coordinate (mm) 2D (pixel)  3D-2D map (pixel) Error (pixel) 

(7.18,-10.16,7.18) (495,430) (496.4,431.2) 1.8411 

(5.39,-20.32,5.39) (447,162) (446.7,161.7) 0.4036 

(3.59,-10.16,3.59) (419,441) (417.9,441.2) 1.1608 

(0.00,-20.32,0.00) (306,117) (305.3,118.5) 1.6611 

(-1.80,-10.16,-1.80) (251,464) (251.0,462.4) 1.6467 

(-3.59,-20.32,-3.59) (168,77) (170.1,77.2) 2.0993 

(-5.39,-10.16,-5.39) (84,479) (84.0,483.5) 4.5198 

Table 1 Calibration result 

5.3.2. Image analysis 

The image analysis experiment is shown in Figure 27. The left picture is the image 

captured from the camera. Our aim is to determine the position of the color mark area. The 

middle picture shows the binary image after color segmentation (the red color mark has 

been segmented well). The right picture is the result of mass point calculation. The green 

cross indicates the mass point of the color mark. 
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Figure 27 Image analysis 

5.3.3. 3D to 2D transformation 

3D-2D transformation is the most complex part within the system. It is also the most 

important part. The calibration board is used to show the feasibility of the algorithm 

described above. The experiment is set up as follows: 

 Capture a picture at position 1. 

 Calculate the camera parameters L according to N (N > 6) reference points. 

 Move the camera to position 2 and capture a new picture. 

 Calculate a transfer matrix M using 3 reference points. 

 Build the 3D-2D mapping matrix according to the camera parameters L and 

transfer matrix M. 

 Calculate pixels from 3D space by the mapping matrix. 

The diagram in Figure 28 shows the experiment process. Two pictures captured by the 

same camera in two different positions are shown. The geometric relations between the 

camera and calibration board are shown at the bottom of the picture. The camera takes the 
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first picture at position 1, and then moves to position 2. During the experiment, the 

calibration board is fixed, so the 3D coordinates of the reference points will not change. 

Three reference points are chosen in the second picture to calculate the transfer matrix. 

After the calculation, a virtual path in the left picture is mapped to the right picture. 

Although they are the same points in 3D space, due to the movement of the camera, the 

hybrid paths are different. This is the reason we use the “Hybridview”, which correctly 

describes the 3D to 2D mapping relationships. 

CCD 

Cam
era

 
Figure 28 3D to 2D mapping experiment 

After mapping the 3D space coordinates onto the 2D image pixels, some errors can be 

found, as shown in Figure 29. The reasons for the errors are twofold: one is the calibration 
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method itself; the other is the transfer matrix. We use a linear transformation method to 

describe the mapping function, which discards the nonlinear distortion of the lens, thus 

errors are unavoidable. The transform matrix is acquired by the Newton method, which is a 

nonlinear optimization method, not an exact solution. Therefore, errors will be imported 

when we solve the nonlinear equations. According to the error diagram in Figure 30, the 

points near the reference points are more accurate than the more distant points. Therefore, 

we need to refresh the 3D-2D transformation matrix frequently. 

 

Figure 29 Pixels obtained from transformation 
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Figure 30 Error diagram of transformation 

5.3.4. “Hybridview” in the training system 

In the SAES, the microBIRD sensor is used in place of the calibration board for 

acquiring the 3D space coordinates, and then, laparoscope is applied rather than a normal 

digital camera. The high quality telescopic lens used on the laparoscope has fewer 

distortions than the camera used in the previous experiments. Therefore, error due to lens 

distortion is minimized. 

Figure 31, Figure 32 and Figure 33 show a series of pictures from a real training 

scenario to illustrate the effect of the proposed sensor fusion method. Figure 31 shows the 

motion track from the microBIRD sensor in 3D space. The picture shows the movement 
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made by the trainee but lacks information about the scene. 

 
Figure 31 Motion tracks in 3D space 

Figure 32 shows the motion track produced by color segmentation in the 2D image. By 

overlapping the motion track with the training scene, we have more helpful performance 

evaluation information than from the monotone 3D curve. In Figure 32, we can observe 

some issues of the color segmentation method. Because the lighting condition varies, the 

image analysis algorithm fails in some areas which are too light or too dark (the bottom left 

and top left parts of the picture). Therefore, the track is not consistent with the real motion 

in those areas. Figure 33 illustrates the “Hybridview” produced using the sensor fusion 

method proposed in this dissertation. By generating the motion track using both image data 

and data from microBIRD motion sensor, the overlapped motion track shows movement 

within 3D space consistently. 
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Figure 32 Overlapped track without “Hybridview” 

 

Figure 33 Overlapped track with the “Hybridview” 
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5.4. New Metrics 

Because of the sensor fusion engine, more useful information is acquired by the SAES 

system. To evaluation the current situation based on that, the comprehension layer needs 

new performance metrics for objective performance assessment. From the position data 

obtained from the microBIRD position sensor, the inference engine calculates key 

instrument motion metrics. The microBIRD sensors provide 6 degrees of freedom position 

information (x, y, z, pitch, yaw, and roll) in 3D space. The refresh rate of the sensor is more 

than 60 Hz. Therefore, we can calculate various motion metrics in real-time. Multiple 

metrics include total path length, average speed, instantaneous speed, average radius of 

motion. Table 2 lists equations for some of the performance metrics measured. In Table 2, 

ipt is the time stamp of point i, whose position vector is iP . 

Metric Equation 

Total time T (s) ∑ −

=
−=

+

1

0 1

n

i pp ii
ttT  

Total path length L (cm) ∑ −

= + −=
1

0 1 ||n

i ii PPL  

Average speed S(cm/s) TLS /=  

Instant speed s(cm/s) )/(||
11 ii ppiii ttPPs −−=

++  

Table 2 Performance metric equations 

In addition to the already validated parameters, a movement economy ratio is used for 

performance evaluation in our system.  
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The movement economy ratio is acquired through equation 15.  

∑∑
=

=
n

i
R

n

i
Ie ii

LLR
1

/                         15 

Where eR  is the movement economy ratio; n  is the total movement segmentation 

number; ni ,,2,1 L=  is the serial number of each movement segmentation; 
iRL  is the 

real path length of movement segment i ; 
iIL  is the ideal path length of movement 

segment i .  

For a specific training scenario, we select a series of map points in the training space 

and require the trainee to manipulate the instruments touching the map points in sequence. 

We call the tracking path between two map points a movement segment. In a simple case, 

the ideal path length is the linear distance between the two map points. In reality, a 

continuous series of points are observed by the microBIRD sensors. The real path length is 

the integration of the distance between each two adjacent points. 

The movement economy ratio has been used to evaluate the effectiveness of the basic 

training. It is believed that experts have a higher movement economy ratio than novices 

due to better hand eye coordination. Some current laparoscopic training simulators have 

implemented the movement economy ratio to evaluate basic hand-eye coordination 

training [Simbionix Ltd]. 

The limitation of the movement economy ratio is that it only scales movement track 

length rather than instantaneous speed and moving direction. As a result, a slow jittery 
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movement could be considered a perfect perform, while a smooth path might be assigned a 

lower score. In order to correct the problem, we implemented a speed rate curve and a 

movement direction curve as additional metrics. 

 
Figure 34 Speed curve diagram 

The speed rate curve (Figure 34) shows the speed rate variation during training. 

Assume there are n  points within one movement segment, and each point has its own 

time stamp. The instant speed for point )1(, nii ≤≤  can be calculated as below.  

iii tLS ΔΔ= /                                   16 

Where iLΔ is the distance between two points, and itΔ  is the time difference of the 

corresponding time stamps. It is assumed that an expert can maintain a relative steady high 

speed for a longer time [Stylopoulos 2004]. We used the peak speed rate and steady 
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parameter to transfer the phenomenon into a speed rate profile score. 

Figure 34 indicates two example speed rate curve diagrams. The upper diagram shows 

a “bad” movement because the speed rate changed a lot, meaning that the performer failed 

to maintain a steady moving speed. The lower diagram shows a “good” movement because 

of the smooth transformation and relatively steady high speed. 

The movement direction curve reflected the smoothness of the movement. It can be 

arrived at the following equation.  

⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛ ′⋅
=

BA

BA
D

i

i
i rr

rr

cos                                17 

Where iD  is the cosine of the angle between two vectors: the vector of an 

instantaneous movement between two sampling points iA
r

, and the vector of one 

movement segment B
r

. iD  = 1 means the direction of the movement is exactly the same 

as the direction of the movement segment. On the other hand, iD  = -1 means the direction 

of the movement is completely opposite to the direction of the movement segment. 

During an operation, experts maintain a relative smooth movement direction curve, 

while novices try to “search” the target due to a lack of depth perception. This causes their 

movement to oscillate obviously. In Figure 35, two movement direction curves are shown; 

the upper one is a “bad” movement. The curve changes rapidly from 1 to -1 showing that 

the performer totally lost the track of the instrument and tried to get it back by moving back 
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and forth. The lower one is a “good” movement with smooth direction transition. We used 

the combination of the movement direction profile and the speed rate profile to generate a 

movement profile score for each participant. 

 
Figure 35 Movement direction curve diagram 
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6. PROJECTION LAYER DESIGN 

The projections layer focuses on a high level reasoning system that utilizes numerous 

rules in an attempt to model the decision-making processes of experts. Based on the data 

from the comprehension layer, the inference engine must determine if a particular action is 

potentially harmful and the reason(s) why the action could be harmful. Then it must present 

appropriate feedback to prevent injuries and reinforce correct techniques. Assessment is 

typically based on the expertise of senior surgeons; thus, a single objective standard is 

difficult to define. To formulate a usable standard, and to provide an accurate scoring 

method, a fuzzy logic method is proposed. A multi-level fuzzy inference engine is 

implemented. Experimental results demonstrate the feasibility of this method. In this 

section, the on-line guidance and feedback methods are discussed.  

6.1. Fuzzy Logic Inference Engine 

From a training perspective, the sensor based system tracks and returns information on 

various performance metrics. This is similar to a computer-based medical diagnosis system 

that uses the patient’s history, physical examination, and laboratory tests as inputs and 

gives the possible medical diagnoses as outputs. 

There has been considerable research regarding computer assisted medical diagnosis 
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systems. Various techniques have been implemented, including symbolic logic, probability 

and value theory [Ledley, 1969], multi-surface pattern separation [Wolberg 1990], 

semantic-based methodology [Moret-Bonillo 1993], and weight-elimination neural 

networks [Ennett 2003]. 

The main issue for the inference systems is that assessment is typically based on the 

expertise of senior doctors and, thus, a single objective standard is difficult to define. 

Vague definitions are also reasons for uncertainty. To formulate a usable standard, and to 

provide a more meaningful scoring method, we propose to use fuzzy logic. Fuzzy logic 

[Zadeh 1965] is a technique that mimics how a person makes decisions using a rule-based 

(“if condition then action”) approach rather than an attempt to model a system 

mathematically. Fuzzy logic is not imprecise. It is an organized mathematical method for 

handling inherently imprecise concepts. 

As mentioned above, the performance assessment system is similar to a medical 

diagnosis system. A typical reasoning process involved in making a medical diagnosis 

[Ledley 1959] in the following: 

 Obtain the case facts. 

 List all the diseases which the specific case can reasonably resemble. 

 Exclude diseases until one disease with the highest possibility remains. 

It frequently occurs that it is not feasible or desirable to make further tests to 
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distinguish among alternative possible diagnoses. Think about the following statements, 

“If a patient has disease A, then there is a certain chance ---- say approximately 75 out of 

100 ---- that he will have symptom B.” As mentioned above, the results are often confused 

with uncertainty. Usually, probability theory is used to describe the uncertainty. Probability 

theory uses the concept of Bayesian probability [Sivia 1996], which is the degree to which 

a person believes a variable is in a set. For the example above, the degree we believe the 

patient has symptom B is 75%. 

Unlike the technique just described, fuzzy set theory is used to deal with the 

imprecision inherent in subjective performance expectations derived from expert surgeons 

[Shortliffe, 1976]. Fuzzy set theory and probability are different ways of expressing 

uncertainty. Fuzzy set theory uses the concept of fuzzy set membership. In classical set 

theory, an element either belongs or does not belong to a set [Klir 1995]. In contrast, fuzzy 

set theory permits a degree of belonging in the set by the membership function. For the 

medical diagnosis example above, we would define the fuzzy set {Patient has symptom B}. 

Therefore, the degree to which the patient belongs in the set is 75%. 

It seems likely that the distinction between probability theory and fuzzy set theory is 

mostly linguistic, but in practice, using the fuzzy set membership to represent membership 

in vaguely defined sets allows us to avoid talking about randomness. For example, to 

assess the performance of an operation, two fuzzy sets, “good” and “bad” can be defined, 
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and the membership functions will conceal uncertainty from further inference.  

Fuzzy logic is derived from fuzzy set theory dealing with reasoning that is 

approximate rather than precisely deduced from classical predicate logic. It can be thought 

of as the application side of fuzzy set theory dealing with well thought out real world expert 

values for a complex problem [Klir 1997]. Fuzzy logic usually uses IF/THEN rules to 

describe the fuzzy relationship. The rules can be expresses in the form: 

IF variable IS set THEN action 

The advantage of this term is that solutions can easily be understood by human 

operators, so their experience can be used in the design of the fuzzy relationship. This 

makes it easier to mimic tasks already successfully performed by humans. 

In our application, we collect data from the sensors (such as the time it takes to move 

an instrument, its path length, and etc.), and calculate output in the form of a normalized 

score. Our method uses inference rules such as “if the instrument speed is very slow, then 

the score is less than average,” where the phrase “instrument speed” indicates the input 

metric and the word “score” is the evaluation output. The first step in developing the fuzzy 

logic module is knowledge acquisition from experts. This process forms the base of 

assessment criteria in the form of inference rules. The second step is a survey of senior 

surgeons to determine the exact membership functions of the input metrics and output 

scores. For instance, consider an example where the time to clip the cystic artery in 
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laparoscopic cholecystectomy is 20 seconds. Then, according to the membership function 

we can say that this is 90% excellent and 10% good speed.  

6.1.1. Inference Engine Design 

The fuzzy inference engine is shown in Figure 36. Scilab fuzzy logic toolbox [Feng 

2004] was used to help design this system. Scilab is a comprehensive scientific package 

freely distributed by INRIA [INRIA]. The fuzzy logic toolbox based on Scilab allows the 

user to solve s fuzzy problem with little trouble. The toolbox provides complete functions 

for inference, and an easy to use graphical editor for building complex fuzzy logic system 

models.   

Figure 36 shows the structure of a sample fuzzy inference engine. There are two input 

parameters: peak and stable, which will be elaborated in the next section, and one output: 

score of the performance. The fuzzy logic module implements the inference process by 

using a number of fuzzy logic rules set up based on the expertise of senior surgeons. 
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Figure 36 Fuzzy inference system 

The fuzzy inference engine is a static nonlinear mapping between inputs and outputs. 

The inputs and outputs are “crisp”, that is, they are real numbers, not fuzzy sets. The 

fuzzification block converts the crisp inputs into fuzzy sets. Fuzzy sets are used to quantify 

the information in the rule-base. The transformation is produced by the membership 

functions we introduced above. Membership functions can be expressed as the 

fuzzification operator F , which is defined by equation 18: 

fuz
ii AuF ˆ)( =                                    18 

Where iu  is an element of the possible input set iU , and fuz
iÂ  denotes the fuzzy set 

defined on the universe of discourse iU . There are various transform functions available. 

In our application, triangle function was implemented.  
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Figure 37 Membership function diagram 

Figure 37 indicates the membership functions associated with the input parameter 

peak. Five fuzzy sets, “Lowest, Lower, Average, Higher, and Highest” are shown in the 

picture. Triangle function with different parameters is used to describe the fuzzification 

process. 

The inference mechanism uses the fuzzy rules in the rule-base to produce fuzzy 

conclusions. Figure 38 shows a screen shot of the fuzzy rule editor. Each rule is expressed 

by the form: If input1 IS set1 AND input2 IS set2, THEN the output IS set0. Where set1, 

set2 and set0 are fuzzy sets associated with the input and output crisps.  

During the inference process, the inference engine determines which rules applied first; 
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then it calculates the output by the implied fuzzy sets and overall implied fuzzy set. 

 
Figure 38 Fuzzy rules editor 

The implied fuzzy set with membership function can be indicated by equation 19: 

),(),,,()( 21ˆ qBAniqB
yxuuuy i

q
i
q →

∗= μμμ L                  19 

Where qy  is the thq crisp output, )(ˆ qB yi
q

μ  is the membership function of the 

implied fuzzy set i
qB̂  and output qy . ),,,( 21 ni uuu Lμ  represents the input fuzzy sets 

which match rule i . ),( qBA yxi
q→

μ  is the rule. We use min method to do the AND 

calculation, which intercepts the fuzzy sets.  

The overall implied fuzzy set qB̂  with membership function is shown in equation 20. 

)()()()( ˆˆˆˆ 21 qBqBqBqB yyyy n
qqqq

μμμμ ⊕⊕⊕= L                    20 

The equation represents the conclusion reached considering all the rules in the 

rule-base synchronously. We use the sum method to achieve the computation. 

The inference mechanism operates on the input fuzzy sets to produce output fuzzy sets 
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and the defuzzification block converts these fuzzy conclusions into crisp outputs. We use 

the center of gravity method defined in equation 21. 
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Where l  is the number of rules. iy  is the output for the thi  rule. )(ˆ iB y
i

μ  is the 

membership function associated with the implied fuzzy set iB̂ .  

6.1.2. Multi-Level Inference Engine 

Finding associated rules in the inference databases is an important step for the fuzzy 

inference system. Because the inference rules must cover the entire searching space, the 

total number of the rules can be expressed by equation 22. 

i
rules nN =                                      22 

Where rulesN  is the total number of rules, n  is the fuzzy set number for each input, 

and i  is the input number. From this equation, we can see the problems that develop as the 

input number increases. To avoid this issue, we implement a multi-level inference engine. 

The idea is to divide the inference engine into separate smaller levels. The output crisps of 

each level can be used as the input crisps for the next level. The total number of rules can 

thus be expressed as equation 23. 

∑
=

=
l

j

i
jrules
jnN

1
                                  23 

Where l  is the number of levels. jn  is the fuzzy sets number for each input within 
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level j , and ji  is the input number of level j . If five parameters need to be considered, 

and five fuzzy sets are defined for each parameter. A mono-level inference engine requires 

3125 rules while only 125 rules are needed with a 5-level inference engine. 

Another advantage of the multi-level inference engine is that we can expand an 

existing inference engine easily by adding a new inference level. 

6.2. Experiment 

A hand-eye coordination training experiment was implemented to demonstrate the 

feasibility of the proposed method. Doctors in the Arizona Simulation Technology and 

Education Center (ASTEC) performed the study. The picture in Figure 39 shows the 

experiment scenario. Four targets were labeled as 0, 1, 2, and 3 respectively. The targets 

were set at various heights within the training box to train basic hand-eye coordination 

capabilities of students. The participants were required to move the instrument touching 

the target as fast as possible in the following sequence: 0 -> 1 -> 0 -> 2 -> 0 -> 3.  

The trainee must repeat the procedure until he or she performs well enough. It has been 

proved that this enforced learning process should help the trainee master the necessary 

basic skills. In our experiment, each participant did the exercise five times. Data recorded 

from eight novices were used to examine the fuzzy logic inference engine.  
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Figure 39 Hand-eye coordination training 

Figure 40 indicates the time consumption data of the experiments. From both the time 

data of the entire performance and time data of segment number 2, we can observe that the 

time consumption became shorter when the trainees repeated the procedure. This “learning 

curve” indicates that more experience the trainee has, less additional resource he or she 

requires.  

The movement economy data shown in Figure 41 doesn’t reflect any obviously 

learning curve in the first five trails. The reason is that trainees need more trails to improve 

their movement path for laparoscopic surgery. 
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Figure 40 Time consumption result 
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Figure 41 Movement economy result 

To measure both the speed and the movement information precisely, the fuzzy 

inference system was used. Input data was the speed rate profile and the movement 
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direction profile, and output was the performance score (0 was the worst, while 1 was the 

best).  

Level 1 
Inference 
Engine Level 2 

Inference 
Engine

Peak
Width

Cross
Times

Movement
Profile

Final
Score

 
Figure 42 Two level inference engine 

The fuzzy inference engine was implemented using the multi-level technique 

introduced above. Figure 42 shows the structure of the multi-level inference engine. The 

first level inputs are peak width and cross times. Peak width is used to describe the 

percentage of relative high speed within the speed rate curve. The high speed region is the 

part between the first sample point excess 1/2 maximum speed and the last sample point 

excess 1/2 maximum speed. Cross time is used to describe the speed steady level. It is the 

time speed curve crossing the 1/2 maximum speed within the peak region.  

The output of the first level inference engine is the speed score, which is one input to 

the second level inference engine. Another input to the second level inference engine is the 

movement profile, which is the time movement curve crossing the 0. Figure 43 shows the 

final score chart. The data series “all seg” indicate the whole performance and the data 

series “seg 2” indicate the movement segmentation from target 1 to target 0. The result 



115 

shows performance improvement during training (learning curve), showing that the fuzzy 

logic performance assessment method can accomplish the objective performance 

assessment correctly 
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Figure 43 Fuzzy inference engine experiment result 

6.3. Prospective guidance and feedback methods 

In addition to the fuzzy inference engine, an online guidance and feedback module is 

another part of the projection layer. Guidance includes displaying the estimated optimal 

path and performance instructions on the screen to help the trainees know what to do, what 

not to do, and the key points. The instructions are acquired in advanced from experienced 

surgeons.  

We use configuration space based techniques to generate the estimated optimal path of 
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the instruments. We model the tips of the instruments as points in Configuration Space 

(C-space), analogous to robots in C-space. Potential field methods of motion planning are 

employed to help the system determine the ideal direction of motion based on current 

position. Potential field methods use an imaginary force field (U) to influence motion 

towards goal states and away from obstacles and other forbidden areas. We compute the 

artificial force (F) (attractive towards the goal state and repulsive towards obstacles and 

other forbidden regions of C) given by 

)()( qUqF −∇=
r

                                  24 

The C-space can be used determine a collision-free path for one rigid object among 

static obstacles, which is utilized to help the trainer evaluate the actual path of the trainee 

and give necessary feedback. Currently, no other training system provides such a method. 

The optimized instrument path is based on the “steepest descent” path in the C-space. 

Movement towards the steepest descent path earns credit while movement towards 

obstacles incurs penalties. An overall score is computed upon completion of the procedure. 

The score is also affected by the time used in completing the procedure successfully, the 

number of collisions with obstacles or other instruments, the user’s dexterity and intrusions 

outside the C-space region. 

Figure 44 illustrates one of the views available on the system showing instrument 

tracks, and “no-fly zone” breaches. The “no-fly zone” was defined based on the view range 
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of the camera, position of the instruments, and the state of the procedure environment. 

Intrusion into “no-fly zones” would trigger an alert.  

 
Figure 44 "No-fly zone" diagram 

In the guidance module of the SAES, giving proper feedback based on the output of 

the inference system is a big problem. Traditional feedback methods include audio and 

video feedback. When the trainee makes a mistake, some audio and video alert will be 

given. In addition to the audio and video feedback, enhanced haptic feedback is a useful 

approach. 

The most likely source for quantum leap in surgical technique is in the area of 

robotics. Several robotic devices have been developed that allow the surgeon to work 

through them. The da Vinci Robotic Surgical system (Figure 45) from Intuitive Surgical 
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Inc. was first used in 1997 to perform a cholecystectomy [Intuitive Surgical].  

 

Figure 45 "da Vinci" operating robot [Intuitive Surgical] 

While technical and cost limitations constrain our ability to realistically perform 

surgery in this manner now, the future may be markedly different. Currently, some haptic 

feedback devices have been introduced in virtual reality laparoscopic trainer systems. The 

basic idea of these devices is connecting a small robot manipulator to the surgical 

instruments. Therefore, force and torque can be exerted to the devices through the 

manipulator. The ability to link haptic devices with the SAES could assist in the 

development of so-called “smart” instruments. “Smart” instruments are much cheaper and 

simpler than the surgical robotics.  

When the system detects a mistake made by the trainee, the “smart” instrument gives 

resistance to prevent further error. This approach not only gives students enhanced training 
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ability, but also provides a new type of safety guarantee capability for future use during the 

real operating procedure. If the surgeon does something wrong during a laparoscopic 

surgery, for instance, intrude into the “no-fly zone”, the manipulator will try to stop 

him/her by locking the instrument (Figure 46). 

 

Figure 46 Robot and surgeon remains jointly in control [Nathoo 2005] 
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7. USABILITY EXPERIMENT 

To demonstrate the feasibility of the proposed training system to non-engineer doctors, 

several experiments need to be implemented. Those usability evaluation experiments were 

performed in the Arizona Simulation Technology and Education Center (ASTEC) with 

help from surgeons. Member of ASTEC did the study. The participants can be surgeons, 

residents, medical students, and non-medical people. 

7.1. Learning Curve Experiment 

The first experiment is a learning curve experiment. The goal is to demonstrate that the 

participants’ basic skills improve when they work with the trainer. This experiment needs 

only one group of participants, who required to finish a series of training sessions using the 

system.  

7.1.1. Experiment setup 

The setup of the basic trainer is shown in Figure 47. A set of Karl Storz laparoscope, 

which includes a telescope, a CCD camera, light source, and a 15-inch CRT monitor, was 

used to setup a real training environment. A microBIRD sensor was connected to the tip of 

the instrument. The sensor delivered a frame rate of approximately 60 frames per second, 

permitting real-time translation of instrument movement to the 3D coordinate. A desktop 
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PC with a microBIRD data collecting card plugged in was used for the data processing and 

feedback. To provide reliable results, the traditional performance metrics, included 

completion time and movement economy were used to evaluate the training procedure. 

 

Figure 47 Learning curve experiment setup 

A hand-eye coordination training task was assigned to test the performance of the 

simulator. As in the experiment testing the fuzzy inference engine, five targets were labeled 

as 0, 1, 2, 3 and 4 respectively. The targets were set up with various heights within the 

training box. The participants were required to move the instrument touching the target in 

the following sequence: start point->0 -> 1 -> 0 -> 2 -> 0 -> 3 ->0->4 as fast as they can 
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(Figure 48). 

 

Figure 48 Hand-eye coordinate training 

7.1.2. Experiment result 

Twenty six people participated in the experiment, including 5 non medical people, 11 

medical students who had no previews MIS training, 5 medical students with previews 

MIS training, 4 residents, and 1 surgeon with more than 10 years MIS experience. Each 

participant finished at least five trials. The result of the experiment is shown in the 

following charts. 
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Figure 49 Learning curve experiment result: Movement Economy 

Time Consumption

0

5000

10000

15000

20000

25000

30000

35000

1 2 3 4 5

Trials

ms Time Consumption

 

Figure 50 Learning curve experiment result: Time Consumption 

Figure 49 shows the result for movement economy while Figure 50 shows result for 

the time consumption. Based on the two charts, we conclude that the more training 
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participants received, the greater their movement economy and the less time they needed. 

The result shows a clear learning curve, which demonstrates the feasibility of the trainer. 

7.2. Comparison Experiment Between the Conventional Laparoscope, Stereoscope, 

and High Definition Laparoscope 

The second experiment is a comparison experiment used to evaluate different display 

technologies for MIS. The goal of the experiment is to figure out if the new display 

techniques provide performance improvement compared to the conventional one under the 

same conditions.  

7.2.1. Experiment setup 

The system setup is same as for the learning curve experiment. The position sensor 

was mounted on the tip of the instrument. Information from the position sensor and CCD 

camera were sent to a desktop PC for further processing and feedback. Stereoscope (3D), 

conventional endoscope (2D), and high definition (HD) endoscope systems were 

compared. Figure 51 shows the hardware setup. Participants were required to finish a series 

of hand-eye coordination exercises with all three display systems. The participants were 

assigned randomly to four groups, which switched between the display methods in 

different sequences. For example, the participants of group 1 did the first trial via the HD 

system, then switched to the 2D system for the second trial, and then finished the third trial 
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via the 3D system. Table 3 shows the switch sequence in detail.  

Group Switch Sequence 

1 HD-3D-2D 

2 HD-2D-3D 

3 3D-HD-2D 

4 3D-2D-HD 

Table 3 Display switch sequence 

 

Figure 51 Comparison experiment setup 

Each participant was required to finish at least 5 training iterations, and the result was 

evaluated based on movement economy, time consumption, and the fuzzy inference 

engine.  
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7.2.2. Experiment result 

Twenty six participants were randomly distributed into four groups. Each was required 

to finish 5 training trials with three display methods. To minimize interference related to 

the learning curve, we compare data from different groups based on the following rules: 

1) Use data from all the four groups (1: HD-3D-2D, 2: HD-2D-3D, 3: 3D-HD-2D, 4: 

3D-2D-HD) to calculate the comparison result of the 3D display system and the high 

definition system; 

2) Use the data from group 1 (HD-3D-2D) and group 2 (HD-2D-3D) to calculate the 

comparison result of the 3D display system and the high definition system.  

3) Use the data from group 3 (3D-HD-2D) and group 4 (3D-2D-HD) to calculate the 

comparison result of the 3D display system and the high definition system. 

Figure 52 and Figure 53 show the experiment results of comparing the 3D display 

system and the high definition display system. Although most of the participants preferred 

the high definition display more because of the impressive picture quality, there is no 

obvious performance difference between the systems. Figure 54 and Figure 55 shows the 

results of comparing the 3D and the regular 2D system. Figure 56 and Figure 57 show the 

result of comparing the HD and the regular 2D system. The data demonstrate that there is 

little difference between the conventional 2D system and 3D or HD system.  
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Figure 52 Comparison experiment result: 3D - HD movement economy 
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Figure 53 Comparison experiment result: 3D - HD time consumption 
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Figure 54 Comparison experiment result: 3D - 2D movement economy 
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Figure 55 Comparison experiment result: 3D - 2D time consumption 
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Figure 56 Comparison experiment result: HD - 2D movement economy 
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Figure 57 Comparison experiment result: HD- 2D time consumption 

The comparison experiments demonstrate the difference between subjective feelings 
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and objective performance assessment. Although people like the high definition monitor 

because of its sharp image, or the stereoscope due to its 3D feel, time consumption and 

movement economy data indicate no difference in performance. To confirm the result, the 

fuzzy inference engine was used to evaluate performance. 
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Figure 58 Comparison experiment fuzzy inference result: 3D - HD 

 Figure 58, Figure 59, and Figure 60 shows the scores given by the fuzzy inference 

engine. The comparison results between 3D and HD; HD and 2D; and 3D and 2D show 

clear a learning curve while no big differences exist between the display methods. The 

scores produced by the fuzzy inference engine are consistent with the results from other 

methods, which attest to the correctness of the fuzzy inference engine, as well as 

illustrating that different display methods do not influence the development of MIS 
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hand-eye coordination. 
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Figure 59 Comparison experiment fuzzy inference result: HD - 2D 
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Figure 60 Comparison experiment fuzzy inference result: 3D - 2D 
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7.3. Discussion 

From the experiments, we conclude that: 1) the training system does help the trainees 

acquire surgical skills; 2) better display technology will not help a trainee get a better score 

on the hand-eye coordination exercises. The result not only proves the usability of the 

ASES, but also indicates an issue that different display methods do not influence the 

development of MIS hand-eye coordination.  

The reason might because the surgeons and trainees have got enough position 

perception from the monitor. MIS constrains diverse perceptions of human being, and 

vision is only one of them. Therefore, better monitor can not provide more useful 

information. In order to minimize the perception limitation, one or two improved 

techniques are not enough. The proposed SAES provides a fully integrated awareness 

enhancing from different aspect, including the position, vision, knowledge based inference 

engine, and sensor fusion. It also provides new dimension of sensing and feedback for the 

surgeons such as the “Hybridview”, which will show useful information as well as 

decrease the cognitive overload on the surgeons. Therefore, the SAES could be the 

ultimate solution to minimize the potential issue and dangerous of MIS rather than one 

kind of new sensing or displaying technology. Further more, the “smart” instrument that 

integrates robotics into the real operating room might be a great benefit for patients’ safety.  

Further experiments need to be conducted to confirm the estimation. 
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8. CONCLUSION AND FUTURE WORK 

8.1. Summary 

The research presented in this dissertation is part of a larger effort to develop a 

computerized MIS training system, which fuses data from intelligent sensors connected to 

surgical instruments and provides information to surgeons including the assessment of 

motion, potential danger zone warnings, and haptic feedback from the instruments. 

In this dissertation, a prototype SAES in presented for MIS training. The prototype 

system provides objective performance assessment capabilities; multiple training 

scenarios; a high fidelity training environment; and goal driven repeatable, structured 

exercises. The main research activities of this dissertation can be highlighted as follows: 

1. We have studied the existing research on MIS and examined available commercial 

products. A framework of the situational awareness system was designed to bridge 

gaps in the available systems. We have defined the functionalities of the system 

framework and its perception, comprehension, and projection components. This 

analysis helped us to determine the three design levels achieving simple to 

complex system development. 

2. We have developed a training simulator prototype that provides a platform for 

medical students to master the skills required in MIS. The training system consists 
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of a pelvi-trainer, a set of motion micro-sensors capable of tracking the movement 

of the instruments with 6-DOF, digital camera receiving motion image from the 

endoscope, and a computer for data processing, inference, and feedback. New 

performance metrics were introduced to give the training process a more precise 

evaluation. 

3. We have designed and implemented a “Hybridview” application which overlays 

the position of organs and objects with the trajectory of the instruments. A sensor 

fusion engine was applied to generate a consistent “Hybridview”. This method 

can help identify erroneous movements made by surgeons and provide more 

useful information than separate sensors. This may minimize the cognitive 

overload on the surgeons. 

4. A fuzzy inference performance assessment approach has been introduced. 

Performance assessment of surgical simulators is typically based on the expertise 

of senior surgeons and, thus, a single objective standard is difficult to define. A 

multi-level fuzzy inference engine was implemented to formulate such a standard, 

and to provide an accurate scoring method. 

5. We have studied intelligent guidance and feedback system. Potential field method 

was used to generate optimize path of the movement, and an online refresh no-fly 

zone had been proposed to finish the online guidance.  
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6. We have conducted numerous experiments to demonstrate the feasibility and 

efficacy of the situational awareness training method for MIS. The results are 

satisfactory.  

8.2. Contributions 

The key contribution of this dissertation is the SAES for MIS. Its main research goal 

was to achieve additional sensing and feedback capability for MIS training and operating 

procedure. The hope is that issues related to minimally invasive nature can be minimized or 

even overcome. From the experiment comparing different display techniques, we can 

conclude that higher image quality is no guarantee of better performance in MIS. The 

reason is that the keyhole nature of MIS doesn’t only constrain the vision, but also limits 

the other perceptions of a human operator. For that reason, additional sensing technologies 

need to be applied.  

In order to minimize the perception limitation, one or two improved techniques are not 

enough. The situational awareness enhancing system provides an auxiliary perception, 

comprehension, and projection capability for the human operator. It is a fully integrated 

awareness enhancing from different aspect, including the position, vision, knowledge 

based inference engine, and sensor fusion. In the training scenario, the trainee’s 

performance is recorded by the sensors and an objective performance assessment is made 

to evaluate movement pattern, time consumption, safety range intrusion, etc. Necessary 
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feedback and guidance will be provided, and a reinforced learning process will help the 

trainer acquire the necessary skills. 

The SAES also provides new dimension of sensing and feedback for the surgeons such 

as the “Hybridview”, which will show useful information as well as decrease the cognitive 

overload on the surgeons. Therefore, the SAES could be the ultimate solution to minimize 

the potential issue and dangerous of MIS rather than one kind of new sensing or displaying 

technology. Further more, the “smart” instrument that integrates robotics into the real 

operating room might be a great benefit for patients’ safety. Therefore, it is not only 

intended as a surgical training tool, but also as a useful assistant in the real operating room 

environment. In the OR scenario, the system will provides additional perception, 

intelligent guidance and act as a security assistant. 

8.3. Future Research Directions 

Our future research will focus on improving of the real time sensing, inference, 

guidance, and feedback capabilities of the training system. In this context, there are three 

primary area needing attention. 

1. Improve the sensing capability of the system. Besides the magnetic tracking 

sensors and digital camera, more useful sensors can be incorporated into the 

training system, such as the haptic sensors, which monitor the force and pressure 

of the instruments. Ultrasonic sensor image technology can also be implemented 
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to provide information about the patient’s organ and tissue.  

2. Improve the inference engine. The fuzzy inference engine is the first step to 

building a smart system. There are multiple techniques available for inference. 

Some machine learning methods such as the artificial neural network can be 

implemented to provide a self-adaptation capability. Efficient data mining 

methods such as a support vector machine are also useful in finding performance 

pattern features. Such techniques will definitely increase the efficiency of the 

performance assessment.  

3. Improve the real-time guidance and feedback capability. The real-time guidance 

and feedback features of the SAES will build “smart” instruments. “Smart” 

instruments could not only teach surgeons during training sessions by actually 

mimicking the movements of expert surgeons but could also be programmed to 

restrict instrument movements only in specific areas in the real operating room to 

enhance surgical safety. 
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