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Abstract 

Purpose: The transition to competency-based medical education from an apprenticeship model 

requires a greater amount of human resources to evaluate trainees. Therefore, there is an increased 

need for tools that can evaluate trainees and provide feedback without the need for an expert 

observer. This thesis describes the development of a system for training central venous 

catheterization. The procedure includes many tasks that must be performed in a predetermined 

order. This system, Central Line Tutor, is able to provide trainees with feedback about their 

performance by evaluating their compliance to proper workflow when practicing in a 

simulated setting.  

Methods: Central Line Tutor uses a combination of electromagnetic tracking and tool recognition 

from a webcam video to analyze trainees’ workflow compliance. Critical tasks such as inserting 

the needle into the vessel are recognized by tracking the tools’ positions. The remaining workflow 

tasks were recognized by identifying the tools used in the given tasks. In the proof of concept 

implementation of the system, we used a color-based approach. This method has some limitations 

including: insufficient accuracy, and a long setup time. To improve Central Line Tutor’s task 

recognition, we also implemented a more robust method for tool recognition that involved training 

a convolutional neural network. We evaluated two different networks, Inception-V3 and 

MobileNet, and compared their accuracy to the initial color-based approach. 

Results: Central Line Tutor was designed, implemented, and tested. The system was able to 

successfully recognize all tasks in the central venous catheterization workflow with a delay of 1.46 

± 0.81s compared to human reviewers. The system was able to recognize all tools using a color-

based method, but the convolutional neural networks recognized tools with significantly higher 
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accuracy. Inception-V3 and MobileNet had an average accuracy of 79% and 77% respectively. 

The color-based method was only able to achieve 8% accuracy.  

Conclusions: Central Line Tutor is capable of evaluating trainees based on their adherence to 

procedure workflow. While all tools can be recognized using a color-based method, the use of 

convolutional neural networks is far more accurate. Overall, Central Line Tutor shows promise as 

a useful adjunct in competency-based medical education. 
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Chapter 1 

Introduction 

1.1 Central Venous Catheterization 

Central venous catheterization is the procedure of inserting a catheter, also known as a 

central line, into a major vein. The most common locations to insert a central line are the 

internal jugular, subclavian, or femoral veins [1]. These veins provide a near direct path to 

the heart via the superior vena cava in the case of the internal jugular and the subclavian 

veins, and via the inferior vena cava for the femoral vein. This procedure is often necessary 

in emergency situations and in critically ill patients. A central line is preferred over a 

peripheral intravenous line for treatments such as fluid resuscitation and the administration 

of drugs that are potentially damaging to the vessels such as vasopressors and hyperosmolar 

solutions [1]. They are also used in non-emergency situations for patients that require 

frequent venous access, such as those undergoing chemotherapy treatments.  

Due to its wide range of applications, central venous catheterization is an essential skill 

that is taught in residency for multiple medical specialties. The procedural workflow has 

many tasks as can be seen in Table 1. If not performed in the correct order the procedure 

can pose great risks such as: hematoma, hemorrhage, and even stroke [2]. The experience 

of the physician has the greatest effect on the risk of complications. It has been shown that 

patients are 35% more likely to experience complications when this procedure is performed 

by a trainee [3]. Furthermore, patients are 80.2% more likely to suffer from mechanical 

complications when the physician requires more than one attempt to insert the catheter into 

the vessel [4].  
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Table 1. Central venous catheterization workflow 

Task Description 

1 Apply sterile gel to ultrasound probe 

2 Scan vessel cross section 

3 Identify target vessel 

4 Put down ultrasound probe 

5 Apply local anesthetic 

6 Scan vessel cross section 

7 Insert needle into target vessel 

8 Remove syringe from needle hub 

9 Insert guidewire 

10 Remove needle 

11  Scan vessel cross section 

12 Scan vessel long axis 

13 Make incision 

14 Insert dilator 

15 Remove dilator 

16 Insert catheter over guidewire 

17 Remove guidewire 

 

1.2 Competency-based Medical Education 

Medical skills training has traditionally followed an apprenticeship model, whereby 

trainees observe senior physicians before performing the procedure themselves, typically 
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on real patients. However, medical schools are shifting from the apprenticeship model to a 

competency-based approach. This places a greater focus on trainee performance rather than 

the number of hours that have been spent training on an educational unit [5]. Competency-

based medical education (CBME) differs from traditional postgraduate medical education 

in that it requires the demonstration that the trainee is able to competently apply what they 

have learned as opposed to simply acquiring skills [6]. CBME requires that the trainee 

demonstrate competence at every stage of their education before they can progress to the 

next. The downside of this is that it requires frequent observation and assessment in order 

to determine when trainees reach competency. This need for frequent observation requires 

a large time commitment from both teachers and examiners. This increased need for human 

resources makes the transition to CBME very difficult, and in some cases impossible. There 

are several key components that are necessary to make an effective skill assessment system 

for CBME. Some of the required features include: continuous feedback, criterion-based 

assessment, and the need for effective tools for evaluation [7].  

1.3 Simulation-based Training 

Recent research has shown that the use of medical simulators for training is highly 

effective. Medical simulators have been developed for a wide variety of procedures. 

Studies have shown that students who are trained on simulators have lower complication 

rates than those trained on live patients [8, 9, 10]. It has also been shown that students who 

train on simulators require less assistance and make fewer errors when transitioning to 

performing procedures on live patients [11, 12]. Overall it has been shown that simulation-

based training results in higher success rates, fewer complications, and improved patient 

outcomes when compared to traditional training methods [13].     
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There are several different types of medical simulators. These include: part-task trainers, 

computer enhanced mannequins, and virtual reality trainers [14]. Part-task trainers are the 

simplest of these simulators, some examples of which can be seen in Figure 1. Part-task 

trainers represent the patient anatomy and allow trainees to practice performing the 

procedure. The trainer itself is passive – there is no change as the trainee interacts with it. 

Computer enhanced mannequins on the other hand actively react to what the trainee is 

doing. Virtual reality trainers are able to create an immersive environment where the not 

only the anatomy but the clinical environment are simulated without the need for 

physical models. 

 

Figure 1. Part-task trainers for needle interventions. Left - Lumbar puncture.  

Right - Central Line 
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For central venous catheterization, simulated training involves performing the procedure 

on a static part-task trainer which is comprised of a phantom with fluid filled vessels 

(Figure 2). Unfortunately, training on these phantoms still requires an expert observer to 

ensure that the trainee is practicing correctly.  

 

Figure 2. Model for training central venous catheterization showing the ultrasound cross-

section of the vessels located in the neck insert 

1.3.1 Perk Tutor 

Perk Tutor is an open source training platform for procedures that involve ultrasound-

guided needle insertions [15]. Several modules for training ultrasound-guided procedures 

have been developed as part of the Perk Tutor extension (www.perktutor.org) of 3D Slicer 

(www.slicer.org). 3D Slicer is an open source software platform designed for medical 

image informatics. These training modules aim to help to further enhance the training 

experience on simulators and training phantoms by improving visualization during 

ultrasound-guided procedures. A study performed with a training module for ultrasound-

guided lumbar puncture showed that students who were trained using Perk Tutor had more 
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consistent outcomes and caused less tissue damage than students who were trained with 

the simulated model alone [16]. 

1.4 Task Recognition 

There are several ways that the tasks in a procedural workflow can be recognized. In this 

section, we outline two possible methods. The first method is to analyze the motion of the 

tools. This is done by tracking the position of the tools in space relative to a constant frame 

of reference as described in Section 1.4.1. The second method is to recognize the surgical 

tool that is currently being used from a video. This method, described in Section 1.4.2, is 

beneficial when there are too many tools involved in the procedure to feasibly track them 

all.  

1.4.1 Task Recognition by Tool Position Tracking 

One way to recognize tasks is to observe the position of the tools that are being used for a 

given task using traditional optical or electromagnetic (EM) tracking methods. Holden et 

al. were able to recognize workflow tasks in tracked needle interventions with 81% 

accuracy [17]. While tracking is able to give an accurate position of tools, for central 

venous catheterization, tracking all tools is not feasible due to the number and nature of the 

tools. Central venous catheterization uses seven different tools (Figure 3), of the tools 

involved, only the ultrasound probe and the needle can be tracked using position sensors 

affixed to the tools. The remaining tools cannot be tracked as they cannot properly perform 

their function when sensors are attached. Tools such as the dilator and guidewire, that are 

used to enable the insertion of the catheter into the vein, cannot be used if sensors are 

attached.  
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Figure 3. Tools used for central line insertion 

1.4.2 Task Recognition by Tool Usage 

Another way to recognize tasks is to identify the tool that is currently being used from a 

video. In recent years the use of convolutional neural networks (CNNs) for identifying 

objects in images has been widely studied. The ImageNet Challenge is an annual 

competition where teams compete to design the best possible network for classifying 

objects from over 1000 different general categories [18]. While these networks are 

designed to recognize the objects specific to the ImageNet dataset, the early layers of the 

network recognize basic features which are common to many types of images [19, 20]. By 

using transfer learning, the early layers of these networks can be used to recognize new 

objects by retraining the final layers of the network on a more specific dataset. A benefit 

of this approach is that it requires much less data to train the classifier than it would to 

retrain the entire network. Shin et al used this approach to show that pre-training CNNs on 

datasets, such as ImageNet, was beneficial even for the classification of medical images 

[21].  

Recent studies have looked at using these CNNs to recognize multiple surgical tools. Zia 

et al. used transfer learning on three different networks designed for the ImageNet 
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challenge to identify 7 different laparoscopic tools in the M2CAI dataset [22]. They 

compared AlexNet, VGG, and Inception_V3. The most accurate of these was Inception-

v3, which achieved an accuracy of 77%. Twinanda et al. also proposed a variation on the 

AlexNet architecture, which they called Endonet, to recognize endoscopic tools [23]. They 

also pretrained their network on the ImageNet dataset and were able to achieve an average 

precision of 81% with 7 different tool classes. Zisimopoulos et al. used a FCN-VGG 

architecture to recognize tools used in retinal surgery [24]. This study recognized 13 

different tool classes, but was only able to achieve a mean class accuracy of 64%.  

Much of these recent studies on surgical tool recognition have been focused on minimally 

invasive surgeries. This includes procedures such as laparoscopic, endoscopic, or 

robotically minimally invasive surgery. A review of current literature on vision-based and 

marker-less surgical tool recognition found that of 23 out of 28 papers reviewed studied 

minimally invasive surgery [25]. In minimally invasive surgery, the field of view is greatly 

restricted. Recognizing the tools used in central venous catheterization provides a greater 

challenge as the field of view is much larger, there is greater variation in the way that tools 

are handled, and tools are often occluded by the trainees’ hands.  

1.5 Contributions 

1. Design, implementation and testing of central venous catheterization 

training system 

Central Line Tutor was designed to given trainees real-time instruction and 

feedback while practicing central venous catheterization without the need for an 

expert observer. Central Line Tutor uses a combination of EM tracking and video 
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to recognize the procedure task that is being done at a given time. This involved the 

design and implementation of a knowledge-based system which combines the 

positional information from the EM tracked tools and the information about the tool 

in use to determine which task is being performed at a given time. Furthermore, a 

user-friendly interface was implemented which displays the trainees’ progress 

through the procedure and provides several levels of difficulty with gradually fewer 

aides. Finally, we evaluated Central Line Tutor’s ability to recognize the procedure 

tasks. The details of Central Line Tutor’s implementation and evaluation are 

described in Chapter 2. 

2. Implementation and evaluation of improved methods of tool recognition 

One way that Central Line Tutor is able to recognize the tasks in the central venous 

catheterization workflow is by recognizing the tool being used from a video. In the 

first contribution, we evaluated the system using a color-based method to recognize 

the tools, however a more reliable method for recognizing tools was needed. The 

second contribution was to evaluate a more robust method of tool recognition. This 

involved the development of modules for recognizing tools using a CNN. Three 

modules were implemented for: collecting training images, retraining a CNN 

classifier using transfer learning, and communicating with a classifier running in a 

virtual environment. We evaluated this method by training two different CNN 

classifiers and evaluating their accuracy. We also compared the results of the CNN 

classifiers to a second color-based method. The details of this contribution are 

described in Chapter 3.  
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Chapter 2 

Central Line Tutor 

2.1 System Requirements 

The goal of this work is to design and implement a system that augments the use of central 

venous access phantoms to create a usable CBME training tool. Central Line Tutor should 

be able to provide instruction and evaluate trainees while they are practicing the procedure 

in a simulated setting. In order for Central Line Tutor to be useful for CBME it must fulfill 

certain functional requirements.  

The most important requirement is that the system should be able to provide instruction 

and feedback to trainees without the need for an expert observer. This can be done by 

evaluating the trainee after each session using both quantitative and qualitative metrics. 

Central Line Tutor will use the aforementioned Perk Tutor platform to compute the 

quantitative metrics. These metrics evaluate the overall skill of the trainee and include the 

total path length of both the ultrasound probe and the needle. Both of metrics have been 

previously validated and are able to differentiate between novices and experts [26]. Several 

other metrics such as completion time and number of translational actions have been 

analyzed for this procedure however, through the use of independent component analysis 

these metrics were found to be redundant [27]. Central Line Tutor will build upon the Perk 

Tutor platform by computing qualitative metrics about the trainees’ adherence to proper 

workflow.  

Workflow compliance can be analyzed by recognizing the task that is being completed by 

the trainee at a given time. The task recognition method must be capable of identifying all 
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tasks in the workflow while allowing the trainee to practice in a realistic environment. This 

method must also be able to adapt to different environmental conditions, such as lighting, 

so that additional setup is not required each time the system is moved to a new location. 

Finally, in order to provide trainees with real-time instruction, all tasks should be 

recognized with a delay no greater than one second from the beginning of the task. We 

define real-time detection as being able to recognize tasks as they are being completed. 

This means that each task should be marked as complete on the interface at the beginning 

of the task so that there is no time spent waiting for the instructions to be updated in 

between tasks. This one second threshold is due to the fact that the shortest task in the 

procedure takes two seconds to complete. This threshold allows enough time to update the 

instructions on the user interface so that the trainee is not waiting for instruction in between 

tasks. 

Recognizing tasks in central venous catheterization poses a difficult challenge that does 

not lend itself to one single approach. Using position sensors for all tools, such as those 

used in EM or optical tracking, would impede the function of the tools and reduce the 

realism of the system. Tool recognition provides a viable alternative that does not require 

sensors. Unfortunately, this approach is not able to provide quantitative metrics. A 

combined approach is necessary so that all tasks can be identified and quantitative metrics 

can be obtained for critically important tasks, such as inserting the needle into the vessel. 

When recognizing tasks in a workflow it is important that the criteria defining each task is 

independent. This should allow the system to recognize tasks when they are not performed 

in the correct order. That being said, there are several tasks that are dependent on prior 

tasks. It should not be possible for these tasks to be completed before their dependent task 
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has been performed. These restrictions must be incorporated into Central Line Tutor’s task 

recognition system. Some restrictions include: 

 The needle cannot be removed if it has not first been inserted 

 The guidewire cannot be inserted if the syringe has not first been removed 

 The dilator cannot be removed if it has not been inserted 

 Performing more scans with the ultrasound probe than needed should not indicate 

that a task has been skipped 

For the most part, these restrictions should prevent later tasks from being recognized before 

a previous task. The exception to this is the task involving the guidewire and the syringe. 

This restriction should mark the previous task as complete. This is because depending on 

the handedness of the trainee, the syringe may be obscured by the ultrasound probe while 

inserting the needle and so the task recognition system cannot mark it as being removed if 

it has not been found. The task recognition system also should not penalize the trainee for 

performing more scans with the ultrasound probe than necessary. 

A final requirement of the overall system is that it must be able to record all training 

sessions. Each time a trainee signs into the system, the session should be saved using a 

unique identifier for each individual. This will allow trainees to review their performance. 

Furthermore, these recordings can also be reviewed by supervisors to gain insight into how 

trainees are progressing, and to settle any disputes over a trainee’s performance evaluation. 

2.2 Design and Implementation 

2.2.1 Design Overview 
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The Central Line Tutor setup includes an EM tracker, ultrasound machine and webcam 

connected to a laptop computer. The setup also includes a touch screen monitor which 

displays Central Line Tutor’s user interface to the trainee (Figure 4). The EM tracker that 

is used in this setup is the Ascension trakStar. EM sensors were placed on the training 

phantom, the needle and the ultrasound probe. The ultrasound machine is a Telemed 

ultrasound machine with a linear probe. The phantom used in this setup is the Gen I 

Ultrasound Central Line Training Model produced by CAE (Saint-Laurent, Quebec, 

Canada) as seen in Figure 2 in Section 1.3. This particular phantom is for practicing 

inserting a central venous catheter into the internal jugular vein. 

    

Figure 4. Central Line Tutor setup 

2.2.2 Implementation in 3D Slicer 

All of the functionality for this system was implemented using 3D Slicer. 3D Slicer is an 

open source medical imaging informatics platform (www.slicer.org). 3D Slicer is able to 

receive data from the hardware such as the EM tracker and webcam through the use of an 

application called Plus Server. Plus Server interacts with 3D Slicer via the Open IGT Link 

module. Both the Open IGT Link module and the Perk Tutor platform are built on the 
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Slicer IGT platform. Perk Tutor provides the framework for computing quantitative metrics 

for ultrasound guided needle interventions. Since central venous catheterization falls into 

this category of procedures, Central Line Tutor builds further upon this platform. One 

limitation is that Perk Tutor only computes metrics from tracked tools. As previously 

mentioned in Section 1.4.1 many of the tools used in central venous catheterization cannot 

perform their functions if they must be attached to sensors. For this reason, we also 

implemented a module that recognizes tools from video. A simplified software stack is 

shown in Figure 5. 

 

Figure 5. Simplified software stack. 

2.2.3 User Interface 

Upon starting the Central Line Tutor software, the user is greeted with a login screen 

(Figure 6). The user is able to sign in with the unique identifier that has been assigned to 

them. This identifier allows users and supervisors to identify sessions for review at a later 

time. 



 

15 

 

 

Figure 6. Central Line Tutor login screen. 

Once the user logs in, the user interface displays the ultrasound and video stream to the 

trainee. Central Line Tutor also displays a 3D virtual model of the training phantom, 

ultrasound probe and needle using input from the EM tracker. Trainees are given a list of 

instructions for completing the procedure. The system provides real-time feedback to 

trainees by highlighting tasks as they are completed (Figure 7). Tasks that are completed 

correctly are highlighted in green, while skipped steps are highlighted in red, and steps that 

are completed with errors are highlighted in yellow. 
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Figure 7. Visual feedback of workflow compliance. 

Trainees are given the opportunity to select from three levels of difficulty that remove 

visual aids as trainees’ progress towards competency (Figure 8). The first level provides 

the trainee with every aide available. This includes a complete list of all tasks in the 

procedure and 3D models of the ultrasound probe, needle and phantom. The ultrasound 

probe model also shows a representation of the ultrasound image. This allows the trainee 

to better reconcile what they are seeing in the ultrasound image with the physical structure 

of the phantom. In the first level, we also provide trainees with models of both the carotid 

artery and internal jugular vein. These models are color coded so that the trainee can easily 

identify the correct target vessel. 

As the trainee progresses they can move onto the more challenging levels with fewer aides. 

The second level removes the 3D phantom model along with the vessel models. This means 

that the trainee must be able to correctly identify the target vessel from the ultrasound 

image alone. The models of the ultrasound probe and needle remain to allow trainees to 

understand where the needle is with respect to the plane of the ultrasound image. This is 

an important skill as the needle must be inserted while the ultrasound probe is scanning the 
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vessels in cross section. In this approach, it is imperative to ensure that the needle does not 

advance past the plane of the ultrasound image at the risk of damaging other structures. 

The task list for the second level is also reduced in the second level. Instead of receiving 

all individual tasks, the trainee is given more general categories of which tool to use next. 

For the final difficulty level, the trainee is only given the ultrasound image. This is the only 

aide that they will have when performing the procedure on real patients.  
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Figure 8. Central Line Tutor interface showing three levels of difficulty.  

A) Level 1. B) Level 2. C) Level 3. 
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2.3 Task Recognition 

Central Line Tutor provides learners with real-time instruction and feedback by assessing 

which task is being completed at a given time. In order to recognize which task is being 

done, Central Line Tutor makes use of both EM tracking and a video stream to recognize 

tasks in the procedure’s workflow. Tasks that are critical are recognized using EM tracking. 

This allows us to compute quantitative metrics for skill evaluation. The remaining tasks 

are recognized by identifying the active tool from a video. This approach maintains a 

realistic training experience as it does not impede tool function with sensors. Furthermore, 

it is convenient as the video is also needed to record the sessions for later review. 

2.3.1 EM Tracking-based Task Recognition 

The tasks that involve the ultrasound probe and needle are recognized using EM tracking. 

This is because it is critical that these tasks are not just performed but are performed 

correctly. For example, it is not enough to identify that the trainee simply used the needle, 

rather the system must identify that the trainee was able to successfully insert the needle 

into the correct vessel. The tasks that are recognized using EM tracking are the cross-

sectional (Figure 9) and long axis scans (Figure 10) with the ultrasound probe and inserting 

the needle into the vessel. To recognize these tasks, we observe the positions of the 

ultrasound and needle with respect to the vessels. The vessels themselves are not strictly 

tracked. Since the vessels are mostly static within the phantom, the location of the vessels 

can be tracked by tracking the entire phantom. The phantom serves as our reference 

coordinate system. 
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Figure 9. Cross-section ultrasound scan of vessels. 

 

 

Figure 10. Long-axis ultrasound scan of vessels 

To recognize the different types of ultrasound scans, we look at whether the ultrasound 

image intersects both vessels, or a single vessel. This first requires finding the coordinates 

of the corners of the ultrasound image relative to our reference coordinate system (Figure 

11). We define a cross-sectional scan as one where the plane created by the four corners of 

the ultrasound image intersects with the center line of both of the vessels. 
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Figure 11. Coordinate system transformations 

A long axis scan is defined by computing the distance between the vertical edges of the 

ultrasound image plane to the center line of the closest vessel. If the shortest distance from 

each of the vertical edges to the center line is shorter than the radius of the vessel then the 

task is marked as complete. Finally, the needle insertion task is marked complete when the 

distance between the tip of the needle and the center line of the closest vessel is smaller 

than the radius of the vessel. The needle is marked as removed when the tip of the needle 

model no longer intersects the phantom model. 

2.3.2 Video-based Task Recognition 

The tasks involving the remaining tools are recognized using the video stream. These 

tasks include: 

 Applying local anesthetic 

 Removing the syringe from the needle 

 Inserting and removing the guidewire 

 Making an incision using the scalpel 

 Inserting and removing the dilator 
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 Inserting the catheter 

These tasks are recognized by recognizing when these tools enter or leave the field of view. 

This approach is fitting as each tool is only used in a single step, and only one tool must be 

identified at a given time. Furthermore, since each of the tools has a unique identifying 

color, we use a color-based method for tool recognition. Each of these tasks is defined as 

being complete once the number of consecutive frames that a given tool is identified in 

surpasses a minimum threshold. Since the duration of each task is different, the minimum 

threshold differs for each task.  

Color-based Tool Recognition 

In order to recognize when tools are in the field of view, each tool is identified by a range 

of values for hue, saturation and value (HSV), as well as minimum number of pixels 

required for identification (Table 2). We use HSV rather than red-green-blue (RGB) values 

because HSV is more consistent across different lighting conditions. Most tools have a 

component with a unique color that can be used for identification. The exception to this is 

the syringe that is used to facilitate the insertion of the needle into the vessel. This syringe 

has no unique color to distinguish it from the syringe used to inject the local anesthetic. To 

compensate for this problem, we add a matte, yellow sticker for identification purposes.  

The tools are found in the video frames by applying a series of filters to the image (Figure 

12). OpenCV (www.opencv.org) is used to identify all pixels in the video frame that fall 

within a tool’s specified HSV range. Next a background subtraction filter is applied.  

Background subtraction is used to eliminate those pixels whose values are not rapidly 

changing. This eliminates pixels that represented stationary objects within the scene, such 
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as the phantom and the desk. Following background subtraction, binary thresholding is 

also applied. These methods are used to minimize the number of pixels that can erroneously 

be identified as being part of the tool. The number of pixels that fall within the tool’s HSV 

range in the masked image is compared to the tool’s minimum size. If the number of pixels 

within the HSV range was greater than the minimum size, then the tool is marked as found. 

Table 2. HSV ranges and Minimum size for identification of each tool. 

Tool HSV range (low – high) Minimum Size (Pixels) 

Anesthetic (10, 190, 88) – (12, 210, 108) 30 

Syringe (30, 186, 107) – (32, 206, 127) 5 

Scalpel (76, 190, 69) – (78, 210, 89) 10 

Dilator (93, 89, 142) – (96, 109, 162) 50 

Guidewire casing (58, 175, 30) – (61, 195, 50) 100 

Guidewire (34, 84, 96) – (35, 104, 116) 10 

Catheter (83, 221, 43) – (85, 241, 63) 30 

 

 

Figure 12. Filters applied for color-based tool recognition. 
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2.4 System Evaluation 

2.4.1 Study Design 

To test the validity of the task recognition method, we calculated the percentage of 

transition points that were correctly identified by Central Line Tutor, as well as the average 

transitional delay. We defined average transitional delay as the average difference between 

the time when the reviewers and Central Line Tutor identified the transition points. A 

positive transitional delay indicates that the reviewers identified the transition point earlier 

than Central Line Tutor. A negative transitional delay indicates that Central Line Tutor was 

first to identify the transition point. The transition points used in this study were selected 

by clinicians and represent critical points in the procedure. In most cases transition points 

are points in the workflow where one task is completed and the next task begins (Table 3). 

Some tasks have more than one transition, this is because the task is characterized by a tool 

being removed from the field of view, so we also record the time that it was found. 

Table 3. Transition points identified in central line insertion procedure 

Transition Point Name Recognition Method 

1 Apply sterile gel EM 

2 Scan vessel cross section EM 

3 Put down ultrasound probe EM 

4 Local anesthetic found Video 

5 Scan vessel cross section (2) EM 

6 Insert needle into vessel EM 

7 Flatten angle of needle EM 

8 Syringe found Video 

9 Syringe removed Video 

10 Guidewire found Video 
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11 Needle removed from vessel EM 

12 Scan vessel cross section (3) EM 

13 Scan vessel long axis  EM 

14 Scalpel found Video 

15 Scalpel removed Video 

16 Dilator found Video 

17 Dilator removed Video 

18 Catheter found Video 

19 Guidewire removed Video 

 

Five trials of the procedure were recorded. Recordings captured the webcam video, the 

ultrasound video and the movements of the ultrasound probe and needle. Central Line 

Tutor also logged the timestamp of the transition points in real-time while the videos were 

being recorded. Trials were recorded in a windowless room with artificial, white light in 

order to keep lighting conditions consistent. Five reviewers were given the recordings and 

a list of the transition points. They were then asked to identify the timestamps of the 

transition points. The reviewers were able to view the movements of the 3D models, the 

ultrasound video and the webcam video as seen by the user when performing the procedure 

(Figure 13). To minimize bias, reviewers were not able to see the timestamps that were 

recorded by Central Line Tutor, or the real-time feedback that was given to the user. 
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Figure 13. Recordings as viewed by reviewers 

2.4.2 Results and Discussion 

Central Line Tutor was successfully able to recognize all transition points in the procedure 

with an average transitional delay of 1.5 ± 0.8s (Figure 14). Furthermore, 10 of 19 (52.6%) 

transition points had an average transitional delay of less than one second. The average 

transitional delay of EM and video tasks were 0.4 ± 2.5s and 2.5 ± 3.6s respectively.  
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Figure 14. Average transitional delay between Central Line Tutor and reviewers for each 

transition point 

The task recognition method in Central Line Tutor was able to recognize all transition 

points. This suggests that Central Line Tutor is able to recognize all tasks in the workflow 

which was a functional requirement of the system. By using a combination of EM tracking 

and video-based tool recognition Central Line Tutor can compute both a qualitative 

analysis workflow compliance and quantitative metrics about critical tasks.  

However, there were several requirements that were not met. Firstly, the color-based 

method was not able to adapt to changes in lighting conditions. The trials recorded for this 

study were performed under ideal conditions. All trials were performed by a single person 

in a windowless room, under constant artificial lighting conditions.  
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While it was not shown in this study, changes in environmental conditions required 

changes to the tool color definitions. This meant that the color values had to be redefined 

each time the system was set up in a new location. This process took a great deal of time, 

and also limits the usability of the system. Color selection must be done by someone who 

is an expert with the system, and improper selection lead to tasks being erroneously 

identified before they had been completed. In order to fulfill the missing requirements a 

more robust method of tool recognition is needed. 
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Chapter 3 

Improved Methods for Tool Recognition 

3.1 Overview 

The tools used in central venous catheterization are quite small, and take up very little 

space in the image. The guidewire is especially difficult to recognize as it is less than 1mm 

in diameter. Recognizing the tools is made even more difficult as they are often occluded 

by the physician’s hands when in use. Furthermore, since we are attempting to recognize 

these tools in real-time, the tools are often moving, which leads to poor image quality.  

The previous chapter introduced a color-based method for tool recognition. While this was 

sufficient for a proof of concept, it was not able to adapt to different lighting conditions, it 

required a long setup time, and it was unable to recognize tasks within an acceptable range 

of time. In this way, it failed to meet all the functional requirements of the system.  

In this chapter, we introduce two other methods for tool recognition. The first of these is a 

variation on the color-based method. This method defines tools by a histogram of hue 

values rather than a range of HSV values. While this method is able to better meet the 

requirements for usability and acceptable time delay, it still fails to meet the functional 

requirement for robustness. The second method that we introduce is the use of CNNs. We 

compare the performance of two networks, Inception_V3 and MobileNet, on simulated 

central venous catheterization procedure videos. For completeness, we also compare the 

results to the color histogram-based recognition method. 
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3.2 Color Histogram-based Tool Recognition 

Our first attempt to improve upon the tool recognition method described in Chapter 2 is to 

implement a variation on the color-based method. This method defines each tool by a 

histogram of the hue values. These histograms are generated by taking a 30-pixel x 30-

pixel image of a particularly distinct region of each tool. Each pixel in the image is again 

represented using HSV values. The previous method used all three of the HSV color 

channels however, since hue (H) is the most representative of the perceived color only 

these values are used to create the histograms. Each value is then sorted into one of 150 

bins to create the histogram (Figure 15). 

 

Figure 15. Sample histogram for identifying anesthetic syringe. 

In order to recognize which tool is present in the scene at a given time, histograms are 

computed from a window that slides across the frame. The histograms taken from the 

sliding window are compared to the tool histograms by computing the normalized cross 

correlation. Each video frame is classified based on which tool histogram was found to 

have the highest similarity to a region of the frame, above a 60% threshold. If no regions 

of the frame surpass the 60% threshold for any tool, then the frame is labelled as containing 

no tools. 
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Though we did not formally compare this method to the previous one, the difference in 

performance is clear. The histogram method is more computationally efficient than 

applying multiple filters to each frame as was done in the previous method. This 

improvement in efficiency allows the system to evaluate more frames per second, 

increasing the likelihood that a tool will be found. The histogram method was also much 

faster to setup, since tools could be identified by a 30 x 30-pixel image of a region of the 

tool. This was far easier than identifying a single range of HSV values that could 

encompass that entire region. Despite all these improvements, this method still suffers from 

the same limitations as the previous color-based method. The histogram-based method is 

still reliant on color values which are prone to change with different lighting conditions, 

therefore additional setup time is still needed each time the system is relocated. 

3.3 CNN-based Tool Recognition 

Our next approach was to evaluate the use of CNNs. We chose this approach since CNNs 

have been shown to be effective for object recognition, specifically when transfer learning 

has been applied to networks that have been pre-trained using large datasets such as 

ImageNet [18, 28, 29]. As mentioned in Section 1.4.2, CNNs have even shown promise in 

identifying surgical tools from laparoscopic videos [22]. 

In order to incorporate the use of CNNs into the Central Line Tutor system, there are three 

stages. The first stage is to create a dataset of images of the tools used in central venous 

catheterization. This dataset is needed to proceed to the second stage, which is training the 

network. CNNs are trained by providing sample images to the network and adjusting the 

weights of each layer based on the output. In our case since we use transfer learning, only 

one layer of the network needs to be trained. The final stage is to deploy the network. This 
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involved setting up communication between 3D Slicer and the CNN classifier. We 

implement 3 modules in 3D Slicer to simplify this process.   

3.3.1 Collect Training Images 

CNNs require many sample images in order to be effectively trained to recognize objects. 

The greater the number of images and variation of images in a training set, the more 

effective the classifier will be. This module was created to allow for the rapid collection of 

many images while the tools are in motion (Figure 16).  

 

Figure 16. Collect training images module. 

To record images of each individual object that you would like to recognize, the user first 

selects the recording node from the scene. Next the user selects or creates the model that 

the sample images will be used to train. Creating a new model involves setting up the file 

structure where the images and the files from the trained network will be stored. Next the 

user selects or creates a label for a tool or object that they would like to recognize. A new 

folder is created for each object that is being recognized. This allows us to easily keep track 
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of the number of sample images generated for each object. Furthermore, the user can easily 

add other images that they have collected by other means.  

Once the object has been selected, the user displays the tool to the camera and clicks “Start 

Image Collection” to begin the collection process. The user is then free to move the object 

around to different places in the image. The module will record approximately 10 images 

per second, depending on the hardware used. Once the user feels that they have collected 

enough images, they click “Stop Image Collection”. This process is then repeated for each 

tool that the user would like to recognize. 

The advantage of this module is that it allows for rapid collection of training images for 

multiple different objects without needing to manually label each image. This saves quite 

a bit of time in the training process. This module can also be used to segment previously 

recorded videos into individual frames for manual labelling. 

3.3.2 Network Retraining 

Once enough images have been collected, we provide the user with tools to retrain a CNN 

classifier using transfer learning. Transfer learning allows us to effectively train a classifier 

with less training image samples. The networks that we allow the user to select are 

Inception-V3 and MobileNet. Both of these networks are provided by Tensorflow-hub 

(https://www.tensorflow.org/hub) and have both been pre-trained using the ImageNet 

dataset. The user is able to specify different parameters used in training under the 

“Advanced Training Options” tab (Figure 17). The user can specify the number of training 

epochs, the batch size, and the network that is used. By default, the module will train a 
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MobileNet for 1,000 training steps, with a batch size of 100. Once all parameters have been 

specified the user clicks “Retrain” to train the network.  

 

Figure 17. Retrain CNN module. 

This module posed several challenges to implement as the retrain process is done using 

Tensorflow using Python 3, while 3D Slicer runs on Python 2 so the library could not easily 

be integrated into 3D Slicer. To get around this we used software called Docker 

(https://www.docker.com/). Docker allows us to create a contained environment that can 

be called from 3D Slicer but uses a Python 3 interpreter that allows us to use the Tensorflow 

libraries.  

3.3.3 CNN Classifier 

Once a CNN has been trained, it can be used to classify objects from a video. The use of 

this module is quite simple. The user first selects the model that they would like to use. 

This creates a display with each of the object classes that the user is attempting to recognize 
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(Figure 18). To begin classifying the user then clicks “Start”. This begins the 

communication between the module in 3D Slicer and the classifier. The module sends the 

image data to the classifier, and in return the classifier returns a label along with the percent 

confidence for each of the object classes. Each time the classifier returns a label, the display 

is updated so that the user can see not only which object is currently being found in the 

image, but also how confident the classifier is in its labelling. 

 

Figure 18. Slicer panel showing CNN Classifier user interface. 

Once again, this module posed the same difficulties as the retrain tool, in that the 

Tensorflow libraries cannot be used directly in 3D Slicer. In order for 3D Slicer to 

communicate with the classifier we made use of the OpenIGTLink extension in 3D Slicer 

and the pyIGTLink implementation for the classifier (Figure 19). 
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Figure 19. Communication between CNN classifier and 3D slicer module. 

3.4 Comparison of Tool Recognition Methods 

3.4.1 Study Design 

For each of the tool recognition methods, we computed the classification accuracy of each 

video as well as the average accuracy across all videos. Accuracy is defined as the number 

of correctly classified images divided by the total number of images. We also computed 

the precision and recall of each tool for each of these methods. Precision is the number of 

correctly classified images of a given tool divided by the number of images that are 

classified as that tool. Recall is the number of correctly classified images of a given tool 

divided by the total number of images of that tool. These measures allow us to see how 

well each method is able to identify the tools. Higher precision, recall and accuracy mean 

that the tools are recognized more reliably. This is important since we are recognizing tasks 
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based on the tool that is used. Low accuracy, precision and recall would lead to the wrong 

task being identified and would lead to an inaccurate assessment of the trainee’s 

compliance with proper workflow. We also compute a receiver operator characteristic 

(ROC) curve and compute the area under the curve (AUC) for each tool. The ROC curve 

shows the relationship between the true positive rate (TPR) (Equation 1) and the false 

positive rate (FPR) (Equation 2). TPR is a measure of how many images the classifier 

correctly classifies as belonging to one particular class (True Positives) versus the total 

number of images in that class (True Positive + False Negative): 

Equation 1. True Positive Rate 

𝑇𝑃𝑅 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  

FPR measures the number of images that are incorrectly classified as belonging to one class 

(False Positives) compared to the number of images that do not belong to that class (True 

Negative + False Positive): 

Equation 2. False Positive Rate 

𝐹𝑃𝑅 =
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

 

The area under the curve (AUC) is computed from the ROC curves for each network. AUC 

is a measure of how well a classifier is able to distinguish between different classes. An 

AUC of 1 indicates that the classifier correctly classified all samples for a given tool, with 

no false positives. An AUC value close to 0.5 indicates that the classifier is essentially 

guessing at random. 
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3.4.2 CNN Selection 

In this study, we used two different CNNs: Inception-V3 [30], and MobileNet [31]. Since 

these networks must produce a classification of video frames in real-time, we selected these 

networks because they provide a balance between accuracy and size. MobileNet in 

particular is designed to be an efficient network that can be run on mobile devices and in 

embedded systems [31]. 

Inception-V3 which was proposed by Szegedy et al. is composed of 42 layers, most of 

which are 3x3 convolutional layers. Inception-V3 is different from previous ImageNet 

challenge winners as it adds several mixed layers that were shown to improve performance 

without requiring much increase in computation time. The full details of Inception-V3’s 

architecture can be found in [30].  

MobileNet on the other hand is a much smaller network. It is composed of only 28-layers. 

The key feature of MobileNet is that it uses depth-wise convolutional layers instead of 

standard convolutions. This is done to increase its computational efficiency. A full 

description of MobileNet’s architecture can be found in [31].  

3.4.3 Dataset 

The central line tool dataset is composed of approximately 90,000 sample images taken of 

the Central Line Tutor setup using the Collect Training Image Module described in Section 

3.3.1. There were approximately 10,000 images of each of the tools, as well as an additional 

20,000 images that did not contain any of the tools. These tools were automatically labelled 

by the Collect Training Images module, and this labelling was confirmed manually. 

To supplement the sample images, seven medical residents were also recorded performing 

the procedure on the Central Line Tutor setup. Each participant recorded the procedure 
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twice except for one, for a total of 13 recordings. The recordings for each participant were 

recorded one month apart. All participants were all second-year residents completing a 

rotation in the Intensive Care Unit at Kingston General Hospital. The tracking data, 

ultrasound video, and color webcam video were recorded for each procedure. All 

recordings were anonymous and the video recordings show only the participants’ hands 

and the phantom. No markers that could be used for identification were visible. Each 

recording is broken down into individual frames. The original image size is 640 x 480 

pixels. For the use of the CNNs the images were resized to 299 x 299 pixels for use with 

Inception_v3 and 224 x 224 pixels for MobileNet.  

The entire dataset is composed of 133,135 images. The number of images in each class is: 

9930 anesthetic, 22,034 syringe, 12,652 guidewire casing, 20,823 guidewire, 8775 scalpel, 

10,811 dilator, 14,721 catheter, and 33,389 images that did not contain any tools. In order 

to generate a ground truth, each of these frames was labelled manually based on a 

consensus of three independent reviewers. 

3.4.4 Network Training 

The initial layers of the networks are initialized with the weights from training on the 

ImageNet dataset. The final layer is replaced with fully-connected layer with a softmax 

activation function. This final layer is trained using the central line tool dataset that we 

created, as described in Section 3.4.3.  

For this study, we used leave-one-trial-out (LOTO) cross validation. Each CNN was 

trained 13 times. The networks were trained using all of the sample images and 12 of the 

videos. The final video was reserved for testing. This process was repeated for each of the 

13 videos. Each network was trained for 100,000 steps, with a learning rate of 0.01 and a 
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batch size of 100 images. These parameters were selected as they were sufficient for the 

network to reach a plateau in training and validation accuracy without overfitting to the 

training set. 

3.5 Results 

Each of the video recordings of the procedure contained approximately 2300 video frames. 

The average accuracy of Inception_V3 was 79% and the accuracy of the MobileNet was 

77% (Figure 20). The average accuracy of the color-based method was 8%. 

 

Figure 20. Accuracy of color-based method (red), Inception_v3 (green) and MobileNet 

(blue). The dotted line represents the average accuracy across all participants. 

Overall the CNN classifiers were able to recognize all tools with higher precision (Figure 

21) and recall (Figure 22). The only class that was better recognized by the color-based 

method was the no tools class which was recognized with 100% precision. The tool with 

the highest precision using the CNNs was the guidewire casing. The average precision of 

all tools using the color-based method was 17%, whereas the average precision for 

Inception_V3 and MobileNet were 75% and 76% respectively. 
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Figure 21. Average precision of tools across all videos using histograms, Inception_V3 

and MobileNet. 

 

Figure 22. Average recall of tools across all videos using histograms, Inception_v3 and 

MobileNet. 

The most frequently misclassified tool using the color-based method were the scalpel and 

the dilator. The color-based method most frequently misclassified these tools as the syringe 

(Table 4). The anesthetic was MobileNet’s most frequently misclassified tool and was most 

frequently classified as not containing any tools. The most frequently misclassified tool 
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using Inception_v3 was the scalpel, which was only able to achieve 57% precision and was 

also most often classified as containing no tools. 

Table 4. Most common misclassifications and the frequency with which they occur (%). 

True Labels Histogram Inception_v3 MobileNet 

Tool % Tool % Tool % 

Anesthetic Syringe 93 No Tools 18 No Tools 30 

Syringe Guidewire Casing 3 No Tools 11 No Tools 15 

Guidewire Casing Syringe 97 Catheter 5 Syringe 11 

Scalpel Syringe 99 Catheter 12 No Tools 11 

Dilator Syringe 98 Catheter 11 Catheter 20 

Catheter Syringe 94 No Tools 14 No Tools 16 

Guidewire Syringe 93 No Tools 13 No Tools 15 

 

The ROC plot for Inception-V3 can be seen in Figure 23 and the plot for MobileNet can 

be seen in Figure 24. The AUC for all tools was very close to one for both networks (Table 

5). This indicates that the classifier is effectively recognizing all tools, and not making 

random guesses. 
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Figure 23. ROC curve plot for Inception-V3. 

 

 

Figure 24. ROC curve plot for MobileNet. 
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Table 5. AUC values for Inception-V3 and MobileNet. 

Tool 
AUC 

Inception-V3 MobileNet 

Anesthetic 0.97 0.95 

Syringe 0.95 0.95 

Guidewire Casing 0.99 1.00 

Scalpel 0.97 0.97 

Dilator 0.96 0.96 

Catheter 0.92 0.92 

Guidewire 0.94 0.93 

No Tools 0.92 0.91 

 

3.6 Discussion 

Overall the CNN classifiers were able to achieve significantly greater performance 

compared to the color-based method. This is due to the fact that a CNN recognizes objects 

based on many different features rather than just color. The only image class that the color-

based method was able to recognize with good precision was the class with no tools. While 

the precision of the no tools image class was 100% the recall was very low, indicating that 

very few of the frames that actually belonged to this class were not classified correctly. 

This is due to the fact that the color-based method simply labelled the majority of the 

frames as the syringe. Aside from the syringe, no tool was able to achieve a recall higher 

than 3%. Even the anesthetic needle which has a very distinct red tip, was only able to 

achieve 1% recall. The tool classes with the lowest recall using the color-based method 

were the scalpel and dilator. The color-based method was not able to correctly classify any 

images containing these tools. This is likely due to the fact that these tools are quite narrow 
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and are often obstructed by the trainees’ hands (Figure 25). While the CNNs also had 

trouble identifying these tools, the color-based method was still much worse.  

 

Figure 25. Example of dilator in use, showing the occlusion by the participant's hands. 

Comparing the CNNs, Inception_v3 had slightly better performance compared to 

MobileNet. However, the difference in accuracy between the two networks was less than 

2%. Each of these networks were able to recognize tools with substantially higher precision 

compared to the color-based method. For both networks, the precision and recall are high 

for all tools. Having both high precision and high recall indicates that the networks are 

actually recognizing the tool rather than consistently picking one label. Since these 

networks are being use by Central Line Tutor to recognize tasks in real-time, further must 

be done to assess whether the size of the network, and therefore the computation time, are 

worth this slight tradeoff in precision. 

One limitation of this study is that we did not investigate the effect of the number of training 

steps, batch size or learning rate when training the CNNs, therefore we cannot say that the 

networks trained for this work are necessarily the best possible examples of these networks. 

Furthermore, MobileNet is a class of networks that can have different numbers of 
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parameters and different image sizes. We selected only the network with the largest image 

size and the largest number of parameters, since it was shown to have the highest 

performance [32].  

The improvement in accuracy is not the only benefit of using a CNN over the color-based 

methods. The color profiles of the tools are very dependent on the lighting conditions while 

the trainee is performing the procedure. While the selection of histograms requires less 

time to setup than selecting HSV ranges, it still requires daily setup. In contrast, CNNs do 

not require any extra setup time before the system can be used. Furthermore, the recordings 

used in this chapter encompass a greater variety of conditions than those used in Chapter 

2. This includes greater variation in lighting conditions and tool handling. Since the CNNs 

performed better than the histogram-based method, this suggest that they are more capable 

of recognizing tasks under a wider range of conditions. 

The goal of this study was to show that through the use of transfer learning on CNNs, we 

can reliably recognize all tools used in central venous catheterization. We show that CNNs 

are able to classify video frames of the procedure with substantially greater accuracy than 

a color histogram-based method.  Furthermore, we show that CNNs perform better under 

a variety of conditions and require less setup time than the histogram-based method. This 

indicates that they are better able to meet the functional requirements of the system. 
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Chapter 4 

Future work and Conclusions 

4.1 Future Work 

The results of the studies performed for this thesis indicate that Central Line Tutor show 

promise for its use as a training tool for training central venous catheterization. Central 

Line Tutor may allow trainees to practice this skill and receive instruction and feedback 

without needing a supervisor present. The setup can be stationed within a hospital unit to 

allow for convenient access. 

In order to be a truly useful tool for CBME Central Line Tutor needs to incorporate some 

form of quantitative performance assessment beyond workflow compliance. Central Line 

Tutor should be able to produce a report that can be viewed by both trainee and supervisor. 

This report should compare the trainee’s performance to specified baselines and provide 

specific, actionable feedback. There are several ways in which this can be done. The first 

approach is to incorporate the needle based metrics that have been developed as part of the 

Perk Tutor platform as discussed in Section 2.1. These metrics tell us important information 

about one of the most critical tasks in the procedure: inserting the needle into the vessel. 

Furthermore, since we are able to recognize the start and end of each task, we can provide 

a comprehensive overview of how long the trainee spent on each task. 

Further studies need to be done to establish benchmarks and learning curves for training 

this procedure with Central Line Tutor. This can be achieved by obtaining more data from 

multiple different skill levels from beginner to experts. The metrics generated by Central 
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Line Tutor must be validated to ensure that they can distinguish among different skill 

levels. 

Finally, future work can be directed to improve the classification accuracy of the CNNs. 

With more use of the system a wider variety of training data can be generated, which helps 

us identify variations in how the tools are handled. Currently we have only two recordings 

from participants that are left handed and the performance of the CNN on these images was 

considerably worse than for right handed participants. Gathering more training data also 

helps improve robustness to variations in camera positions and lighting conditions.  

4.2 Conclusions 

The results obtained in this thesis indicate that Central Line Tutor is able to recognize tasks 

in the central venous catheterization workflow in real-time. We developed a number of 

different tools that can be easily applied to the recognition of other tools in different 

procedures. Different methods of tool recognition were tested and it was found that CNNs 

were the most reliable for recognition of the tools used in central venous catheterization. 

Central Line Tutor can provide instruction and feedback to trainees about their compliance 

to proper workflow. Central Line Tutor can reduce the need for expert observers while 

training this procedure and will help facilitate transition to CBME. 
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