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Abstract

Surgical suturing skill assessment is a crucial part of surgical education. Vascular surgery

educators have developed a simulation-based examination called Fundamentals of Vascular Surgery,

which includes a clock-face model for assessing open surgical suturing skills. The clock-face model,

however, requires the valuable time of expert surgeons to determine examinees’ skills. Moreover,

expert surgeons have different judgments for appropriate sutures, which leads to inconsistent grading.

These limitations motivate us to use sensors to measure examinees’ needle motions and hand motions

during the clock-face suturing exercises, and then use the measurements for objective suturing skill

assessment.

To assess suturing skills based on needle motions, computer vision is used to track the

needle trajectory. Skill assessment metrics are then calculated based on the estimated needle trajec-

tory. Improving on a prior design, a more robust suturing simulator was designed and constructed.

The new simulator was used to collect data from 97 participants, with different years of surgical

experience, who were separated into novice, intermediate, and expert groups. Statistical analysis

shows that all the image-based metrics have significantly different means between the novice and

the remaining two groups. The groups are even more distinguished when analyzing suturing at the

depth condition, for which six of the seven metrics have significantly different means between the

intermediate and expert groups. Further, the metric classification performance is examined by ROC

curves. The results show that the median metric value for a suturing exercise has higher classification

accuracy than the metric value for a suture.

To assess suturing skills based on hand motion, a deep-learning program is developed to

analyze hand-motion videos, and then estimate hand rotation at the roll axis. The program includes a

hand detection algorithm and a hand roll estimation algorithm. The roll motion estimate is then used

to calculate hand-roll metrics for suturing skill assessment. The hand detection algorithm receives
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videos and then localizes participants’ dominant hand in video frames. Results show that the hand

detection algorithm precisely localizes participants’ dominant hand in videos with different brightness

and backgrounds. The hand roll estimation algorithm receives cropped hand images and then

outputs the corresponding hand roll angle or roll velocity. Results show that the hand roll estimation

algorithm has consistent performance at different locations. To examine if the algorithm output can

be used for surgical suturing skill assessment, the algorithm output and the IMU measurements are

used to calculate hand-roll metrics that capture participants’ hand roll during the clock-face suturing

task. Results show that the estimated hand roll angle has similar statistics as the IMU measurement

when calculating the hand-roll metrics. Specifically, 4 out of the 5 metrics have significantly different

means between the novice group and the remaining two groups. Also, 4 out of the 5 metrics have

significant mean differences between the resident surgeons’ and attending surgeons’ groups.
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Chapter 1

Introduction

Surgical skill is closely related to clinical outcomes. Inadequate surgical skill increases the

possibility of post-operative complications [8]. Worse, poor surgical performance can lead to medical

errors, which is the third leading cause of death in the US [58]. Therefore, it is crucial to have a

process to examine trainees’ technical skills and ensure them being competent surgeons.

Our lab focuses on designing simulators for surgical skill assessment, especially suturing

skills for open vascular surgery. Like general surgery education, vascular surgery educators encounter

the challenge of reduced resident surgeons’ working hours, which leads to concerns about resident

training [65]. Also, the introduction of endovascular surgery causes vascular training to spend

less time teaching open surgical techniques, but open vascular surgery is still required in complex

situations [77, 59].

These challenges motivate vascular surgery educators to develop simulation-based train-

ing. Inspired by Fundamentals of Endoscopic Surgery (FES) [91], Fundamentals of Laparoscopic

Surgery (FLS) [24], and the corresponding simulators [91, 16], vascular surgery educators developed

a simulation-based examination named Fundamentals of Vascular Surgery (FVS) [77] for open sur-

gical training. FVS includes three simulation-based vascular skill assessment models, namely the

end-to-side anastomosis model, the patch angioplasty model, and the clock-face suturing model.

Specifically, the clock-face suturing model aims to assess trainees’ radial suturing ability [77], as

suturing is an essential surgical technique [78] and can be used to identify trainees’ capabilities

[48]. The simulation-based models in FVS, however, require the valuable time of expert surgeons to

evaluate participants’ skills [77, 73]. Also, studies indicate that FVS should include rater training
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to guarantee grading consistency [73]. These limitations suggest introducing sensors to the FVS

models for objective skill assessment.

The research community is pursuing sensor-embedded simulators for open surgical training,

in order to relieve examiners from time-consuming evaluations [108, 62] and to provide objective

judgments [20]. Research shows that surgical skills learned on a bench model such as anastomosis,

are transferable to realistic settings [3, 79]. Several simulators have been developed to evaluate open

surgical skills [11, 6, 10, 21, 81]. The simulators with electromagnetic trackers are able to track hand

motion and record task duration [11, 6, 10]. Some simulators are equipped with a force sensor under

the suturing platform, which allows measuring the subjects’ force applied on the platform during

practice [21, 81]. These simulators are proven to be promising in distinguishing participants’ skill

levels in open surgery.

Suturing skills can be evaluated by various metrics. A popular choice is the motion-based

metrics that measure hand or tool movements [11, 6, 10, 21, 104, 90, 75]. Also, force-based [21,

88, 69, 35] and image-based metrics [25, 39, 38, 64, 51, 49] are widely used for evaluating suturing

skills. Recent studies propose using deep-learning models to analyze suturing videos but without

specifying the metrics for skill assessment [26, 47, 57, 84, 98]. Although those deep-learning models

demonstrate high accuracy for classifying participants’ skill levels, they have not been widely used

in training due to the lack of physical interpretations of the model outputs. Also, our literature

review shows that image-based metrics are more popular in minimally invasive surgery [39, 38, 64]

than in open surgery.

This work proposes using two video-analysis techniques to objectively assess suturing skills

used in open surgery, especially for the clock-face suturing model in FVS. Specifically, in the first

half of the dissertation, suturing skills are evaluated by image-based metrics, which are obtained

from analyzing videos with needle motion. In the second half of the dissertation, suturing skills

are evaluated by hand-roll metrics, which are obtained from analyzing videos with hand motion.

Notice that prior research has used needle and hand motion for suturing skill evaluation, but they

have some limitations. Kil et al. [51] use image-based metrics to analyze needle motion during a

simulated surgical task, but their dataset is comparatively small, so the results only suggest the

image-based metrics can distinguish the populations with different experience levels (e.g., resident

surgeons and attending surgeons). Shayan et al. [76] show that suturing skills can be evaluated via

hand-roll metrics measuring hand rotation at the roll axis, but participants must wear sensors for
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the purpose of data collection, which might interfere with their surgical performance. Thus, this

work aims to answer the following questions:

• Do populations with different experience levels perform differently in terms of image-based

metrics?

• Can a participant’s skill level be classified using image-based metrics?

• If hand rotation is estimated via video analysis, do populations with different experience levels

perform differently in terms of hand-roll metrics?

1.1 Skill evaluation via analyzing videos with needle motion

Several research groups have proposed using image-based metrics to distinguish participants’

skill levels [25, 51, 49, 39, 64, 13]. Frischknecht et al. [25] assess participants’ suturing skills by

analyzing the images with their suturing end product. Specifically, their results show that stitch

orientation was significantly different between surgical faculty and medical students. Kil et al.

[51, 49] evaluate suturing skills by analyzing the suturing end products and the needle movement

during suturing. Islam et al. [39] assess participants’ skills by analyzing videos with tool movement.

By calculating the optical flow of the tool, they found that motion smoothness and movement

efficiency can distinguish resident surgeons and medical students. Similarly, Fernando et al. [64]

distinguish experienced and non-experienced surgeons by classifying the tool motion characteristics

obtained from a video-tracking system. Specifically, they found that the two groups have significantly

different path lengths of the instrument tip. Recently, Deepika et al. [13] assess suturing skills by

a deep-learning model. Thanks to the robustness of the pre-trained model, the proposed method

is capable of detecting tool motion in the videos recorded in the operating room. Those studies,

especially the stitch orientation, inspire us to design new image-based metrics for suturing skill

assessment.

The first half of the report proposes using video analysis to track the needle and the thread

motion in a suturing simulator named SutureCoach [76]. The detected needle trajectories are then

evaluated by image-based metrics for suturing skill evaluation. Compared with the suturing simu-

lator in [50, 49, 51], SutureCoach enhances portability by simplifying the table structure and the

vertical constraints. Like other video-based simulators [37, 39, 38], the object tracking system on
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SutureCoach avoids the line-of-sight issues [67] by detecting the targets (i.e., the needle and the

thread) in a controlled environment (i.e., the membrane housing shown in Fig. 2.3(b) and (c)).

Also, the reliability of the object tracking system is enhanced by re-designing the membrane hous-

ing, the lighting sources, and the software for data processing. These improvements enable us to

collect a dataset larger than the prior work [51]. The dataset, including participants with different

experience levels, is then evaluated by the image-based metrics in [51] and the new image-based

metrics based on the refined version of suture phase segmentation scheme [45, 49]. Furthermore,

statistical methods are used to analyze metric values from the groups with different experience levels.

The metric classification performance is also evaluated by receiver operating characteristic (ROC)

curves [22]. The result shows that the image-based metrics can evaluate participants’ experience

levels from novices to resident surgeons to attending surgeons.

1.2 Skill evaluation via analyzing videos with hand motion

Hand motion, including rotational and translational motion, are effective measurements for

distinguishing participants’ suturing skills in open surgery [11, 6, 10, 21, 76]. Dubrowski et al. [21]

measure participants’ hand roll angle by an Electromagnetic (EM) tracker. Similarly, Shayan et al.

[76] measure hand reversal by analyzing the roll velocity from inertial measurement units (IMU). In

comparison, several research groups [11, 6, 10] use EM trackers to measure hand translational motion.

These studies show promising results of suturing skill evaluation, but they require participants to

wear specific sensors during data collection, which might interfere with their suturing performance.

To avoid the interference of sensors, Goldbraikh et al. [29] propose measuring hand transla-

tional motion by analyzing a video stream from a webcam, so participants are not required to wear

sensors during the suturing tasks. This work motivates us to create a video-processing algorithm

for hand rotation estimation, especially the rotation at the roll axis in 3D rotation.

Estimating objects’ 3D rotation and 3D translation, also called 6D object pose estimation,

is a fundamental problem in computer vision. Recent studies show that the 6D object pose can

be estimated by a single RGB image [46, 101, 95, 96]. A popular process of 6D pose estimation

is to crop the targeted object from the original image [46, 95, 96]. After extracting features from

the cropped image via the convolutional neural network (CNN), the 6D object pose is estimated

by the fully connected layers [101, 95, 96]. Also, recent research [96] suggests parameterizing the

4



3D rotation by continuous representation rather than the quaternion used in [101, 95]. Compared

with the 6D object pose estimation, our hand roll estimation task is simpler, as only the roll axis

in 3D rotation is considered. The work in 6D object pose estimation, however, provides us with a

guideline for designing the hand roll estimation algorithms.

Estimating hand rotation at a single axis, especially the in-plane rotation [89], has been

adopted by hand detection [14] and hand pose estimation tasks [53], as research shows that trans-

forming objects to a canonical pose can improve the performance of algorithms [42]. Deng et al. [14]

introduce a rotation estimation network to the hand detection algorithm, so the object orientation is

calibrated to the upward direction before performing hand detection. Similarly, Kong et al. [53] use

a rotation net to make the hands pointing upward before estimating the hand pose. In comparison,

our task is more challenging because we aim to estimate hand roll, which corresponds to out-of-plane

rotation [89] of the hand. Specifically, rotation in [14, 53] refers to the rotation about the yaw axis

in our IMU configuration, while rotation of hand roll refers to the roll axis in our IMU configuration.

Notice that our task differs from the hand pose estimation, which aims to estimate the

2D or 3D coordinates of the hand joints [18]. Studies show that the locations of hand joints can

be obtained by analyzing depth images [28, 12] or RGB images [53, 109], but the latter is more

challenging due to the lack of depth information [18]. It is worth noting that Smedt [12] further

estimates the hand gestures by analyzing a sequence of estimated hand poses, which motivates us

to estimate roll velocity based on a sequence of video frames.

The second half of the report proposes using deep-learning algorithms to analyze videos

and estimate the roll angle and roll velocity of participants’ dominant hands. The estimated hand

roll will be further processed by the motion-based metrics in [76] for suturing skill evaluation. The

deep-learning algorithms involve a hand detection algorithm and a hand roll estimation algorithm.

The hand detection algorithm, fine-tuned based on YOLOv7 [94], is for localizing participants’

dominant hand in video frames. The cropped hand images are then processed by the hand roll

estimation algorithm to estimate the corresponding roll angle and roll velocity. Since videos are

constructed by a sequence of images, the hand roll estimation algorithms include convolutional

layers and long short-term memory (LSTM) layers. Convolutional layers are the major component

of the convolutional neural networks (CNN) [63], which are primarily used in image analysis tasks

such as image classification [80, 33]. LSTM is a special implementation of the recurrent neural

network (RNN). Since LSTM supports remembering temporal information but overcomes RNN’s
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long-term dependency problem [105], it is widely used in sequence analysis tasks such as trajectory

prediction [1, 2]. The combination of CNN and LSTM is known as the convolutional recurrent neural

network (CRNN) [97]. Since CRNN takes advantage of CNN for local feature extraction and LSTM

for temporal summarization of the extracted features, it shows great success in video classification

tasks [106, 99]. Notice that our roll estimation algorithm is inspired by the algorithm structure in

[106]. To train the CNN and CRNN for hand roll estimation, SutureCoach is used to collect the

videos and the IMU data. To accelerate the training process, the transfer learning technique [15, 86]

is adopted.
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Chapter 2

Suturing simulator

2.1 The clock-face suturing model in FVS

The FVS examination includes the clock-face suturing model to assess trainees’ needle han-

dling and suturing accuracy [87]. The model consists of a clear plastic tube (see Fig. 2.1(a)) and

a patch material with a clock-face pattern (see Fig. 2.1(b)). The plastic tube is for simulating the

depth constraint of the abdominal cavity [59]. During the suturing exercise, the patch material is

stretched with four clamps inside the plastic tube [87].

To complete the clock-face suturing exercise, a participant starts inserting the needle at the

intersection of the radius and the inner circle (see Fig. 2.1(c)). The ideal needle pull-out location is

at the intersection of the outer circle and the same radius. The exercise continues by applying the

same operation on the next radius in a clockwise direction. The exercise is considered to be finished

after all 12 radii have been sutured.

For the clock-face suturing model, a participant’s suturing skill is evaluated by expert sur-

geons during the exercise [77, 59], which takes expert surgeons’ valuable time. Also, the study

in [87] demonstrates significant intra- and inter-assessor variability when evaluating participants’

performance on the clock-face suturing model. These limitations motivate us to design a suturing

simulator to objectively evaluate the suturing skills.
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(a) (b) (c)

Figure 2.1: The clock-face suturing model in FVS: (a) The plastic tube for simulating the depth
constraint; (b) The patch material with clock-face pattern; (c) An illustration of the suturing exer-
cise. The figures are from [59].

2.2 The original suturing simulator

The suturing simulators were developed at Clemson University over a period of years [44,

43, 60]. In 2019, Irfan et al. [49] integrated the previous development and created a simulator that

measures suturing skills on the clock-face model in FVS. The simulator was then used to collect

a small dataset for studying objective suturing skill evaluation [50, 49, 51]. Since Irfan’s suturing

simulator [49] motivates the development of SutureCoach, the former is called the original simulator

hereafter.

The original simulator includes a membrane housing (see Fig. 2.2(b) and (c)) to hold the

suturing material. Compared with the clock-face model in FVS (see Fig. 2.1(b)), the suturing

pattern (see Fig. 2.2(b)) on the simulator does not specify the ideal needle pull-out location. The

modification is to avoid novices repeatedly adjusting the needle at the pull-out location. To complete

the suturing exercise, a participant starts inserting the needle through the entry point, which is

marked on the suturing material (see Fig. 2.2(b)). The ideal needle pull-out location is on the same

radius, such that the incision line is in the middle between the entry point and the pull-out location.

The exercise continues by applying the same operation on the next radius in a counter-clockwise

direction. After all 12 sutures have been finished, the suturing exercise is complete.

The suturing simulator includes a height-adjustable table (see Fig. 2.2(a)) and two cameras

(see Fig. 2.2(a) and (c)). The height-adjustable table allows participants to choose a comfortable

height for the suturing exercise. To simulate the depth constraint, the table includes a stepper motor

(see Fig. 2.2(a)) to raise up/bring down the plastic tube, which surrounds the membrane housing
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(a)

(b)

(c)

(d) (e)

Figure 2.2: The original suturing simulator: (a) Front view; (b) Top view of the membrane housing;
(c) The internal structure of the membrane housing; (d) Surface condition; (e) Depth condition.
The sub-figures are from [49].

(see Fig. 2.2(d) and (e)). For the two cameras, the camera on the tripod (see Fig. 2.2(a)) is for

recording participants’ hand motion, while the camera in the membrane housing (see Fig. 2.2(c)) is

for recording needle motion during the suturing exercise.

The original simulator has some limitations. First, its height-adjustable table is light, so it

is surrounded by an aluminum barrier (see Fig. 2.2(a)) to avoid participants leaning on the table.

This extra component increases the cost of transportation. Second, the height-adjustable mechanism

for the depth constraint is difficult to maintain. Finally, the camera in Fig. 2.2(a) lacks a stable

light source, so it is sensitive to ambient light. These limitations hinder transporting the simulator

to different locations for data collection, so the simulator was only used to collect a small dataset
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with 15 participants (6 attending surgeons, 8 resident surgeons, and 1 medical student).

2.3 The improved suturing simulator

2.3.1 Hardware

The improved simulator, named SutureCoach, is designed for collecting a large dataset using

the clock-face model in FVS. To maintain the consistency of the study, SutureCoach uses the same

suturing pattern (see Fig. 2.3(b)) as the original simulator. Since the overview of SutureCoach

has been described in [76], this work focuses on the improvement in the table frame, the vertical

constraints, and the object tracking system. SutureCoach is based on a height-adjustable table (see

Fig. 2.3(a)) heavier than that in the original simulator (see Fig. 2.2(a)), allowing us to remove the

peripheral aluminum barrier used in its predecessor. The vertical constraints (see Fig. 2.3(d) and (e))

on SutureCoach simulate two suturing conditions: surface and depth. Those vertical constraints are

constructed by 3D printed components and clear PETG sheets but without the automatic height-

adjustable mechanism, which simplifies the design in the original simulator. Also, SutureCoach

includes a 3D-printed membrane housing (See Fig. 2.3(b) and (c)) and two Intel RealSense D435

cameras. The new membrane housing enhances the structure by replacing the acrylic components

with 3D-printed components. The camera in the membrane housing (i.e., Camera 1 in Fig. 2.3(c))

records RGB videos with 640×480 resolution at 60 frames per second (fps). The LED strip and the

light diffusing panel guarantee a stable light source for the videos (See Fig. 2.3(c)). Comparatively,

the camera on the mount (i.e., Camera 2 in Fig. 2.3(a)) records both RGB and depth videos with

848×480 resolution at 30 fps. It is equipped with a ring light to provide consistent lighting (See

Fig. 2.3(a)). Those modifications improve the portability and reliability of the simulator, which

guarantees collecting consistent data in different environments.

SutureCoach also improves the configuration of sensors and the ability of reproduction.

Compared with the original suturing simulator, SutureCoach improves the configuration of the force

sensor and Camera 1. By aligning the axes of the two sensors, the force readings can be directly

interpreted by the videos from the camera. This configuration simplifies the force data analysis.

Also, the assembly process of SutureCoach has been documented, so the simulator can be duplicated

easily. For instance, two SutureCoach were used for data collection in the 2022 Society for Clinical

Vascular Surgery (SCVS) Conference.
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Ring light

Camera 2

Ideal entry point

Camera 1

LED (under the light 
diffusing panel)

Figure 2.3: The suturing simulator: (a) Front view; (b) Top view of the membrane housing; (c) The
internal structure of the membrane housing; (d) Surface condition; (e) Depth condition.

Besides the two cameras, SutureCoach also has a force sensor, two electromagnetic (EM)

trackers, and two IMU. the force sensor (ATI MINI 40, ATI Industrial Automation Inc.), operating

at 1,000 Hz, is under the membrane housing. The EM sensors (Ascension trakSTAR Model 180,

Northern Digital Inc.), operating at 100 Hz, are mounted on the shafts of the needle driver. The

IMU sensors (Xsens MTw Awinda wireless motion tracker, Xsens Technologies BV), operating at

120 Hz, are stuck to the participant’s hand and wrist during data collection.
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2.3.2 Software

SutureCoach processes sensor data by a desktop computer with an Intel Xeon CPU and an

NVIDIA Quadro RTX 4000 GPU. Its data processing stages includes (i) the data-collection stage

and (ii) the data-analysis stage. In stage (i), two C++ programs (see Fig. 2.4), written on MS

Visual Studio 2017 configured with OpenCV CUDA module, are used for data collection and image

processing.

The data-collection program is used to synchronize and record data from multiple sensors,

namely two cameras, two IMUs, two EM position sensors, and a force sensor. Data synchronization

allows us to concurrently study multiple signals and identify erroneous movement [19]. Meanwhile,

the program sends the video stream from Camera 1 to the image-processing program. Compared

with the code in the original simulator, the data-collection program uses an improved data manage-

ment scheme and has higher fault tolerance. Specifically, the data-collection program automatically

assigns each participant a unique hash ID, which is then used to organize the data. Furthermore,

the data-collection program saves the video stream into a buffer before sending it to the image-

processing program. This configuration avoids the data logging process being interfered with the

image-processing program, even when the image-processing program fails unexpectedly.

The image-processing program is used to detect the needle and thread motion in the video

stream from Camera 1. Unlike the code in the original simulator, the image-processing program is

not for displaying metric values after each suture but for concurrently calculating and logging metric

values. To achieve real-time processing, multi-threading is used in the image-processing program.

Specifically, Thread 1 is for detecting needle and thread in the video stream, which utilizes the

OpenCV module running on GPU. In comparison, Thread 2 is for calculating metrics and extracting

features such as the needle tip, which requires the OpenCV module running on CPU. These results

are then saved for later analysis. Notice that Thread 1 and Thread 2 communicate via a buffer (i.e.,

shared memory), as the two threads run at different speeds.

The data-collection program and the image-processing program are communicated via TCP/IP

protocol, which is responsible for transferring the video stream and the control signals. The control

signals are represented by the following keyboard inputs:

• w (or write) starts the data-collection and the image-processing process.

• m (or move) moves the region of interest to the next suture. It is used to continue the two
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Figure 2.4: Software for SutureCoach

programs when a specific suture is incomplete.

• s (or stop) stops the two programs from processing the current suturing exercise, but the

TCP/IP communication is still available, which allows the two programs to wait for the start

of the next exercise.

• q (or quit) quits the two programs and the TCP/IP communication.

Since the control signals are shared via the TCP/IP communication, the data-collection and

the image-processing program are controlled simultaneously, which makes operating SutureCoach

easier than operating the original simulator.

In stage (ii), a custom Python program (shown on the right in Fig. 2.4) is used to calculate

the skill-assessment metrics. The Python program is also responsible for calculating the statistics

and the ROC curves. Since the Python program operates on the output files of the image-processing

program, buffer or TCP/IP communication is not used between the two programs.
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Chapter 3

Suturing skill assessment based on

needle motions

SutureCoach and the original simulator are equipped with a camera inside the membrane

housing (see Fig. 3.1(a)). The camera is for recording needle motion during the suturing exercise

(see Fig. 3.1(b)). Needle motion is then detected by segmenting needle from video frame (see Fig.

3.1(c)). To assess participants’ suturing skills, metrics are used to examine the properties of needle

motion, such as the needle tip trajectory.

(a) (b) (c)

Needle
Camera

Figure 3.1: Detecting needle motion. (a) Membrane housing; (b) Video frame from the camera; (c)
Result of needle segmentation

This work uses the metrics in [51, 49] and new metrics for suturing skill assessment. The

new metrics are developed after refining the suture phase segmentation scheme in [49]. These metrics
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are designed to measure if the following suturing rules have been satisfied:

• The suturing process should follow the curvature of the needle [78, 40].

• The suturing process should minimize the wrench between the tissue and the needle [41].

These rules help to minimize internal tissue stress during the suturing process, which con-

sequently reduces additional tissue trauma [41].

3.1 Suture phase segmentation

The general suture rules in [78, 74, 41] divide the suturing process into several essential

steps, motivating us to improve the suture phase segmentation scheme used in the original simulator

(see Fig. 3.2).

3.1.1 Suture phase segmentation scheme in the original simulator

In the original suturing simulator [49], a suture is decomposed into four phases:

• The entry phase denotes the period of puncturing the needle into the membrane.

• The driving phase denotes the period of driving the needle along some path under the mem-

brane.

• The exit phase denotes the period of exiting the needle tip from the membrane.

• The pull-out phase denotes the period of pulling the needle completely from the membrane.

(a) Entry phase (b) Driving phase (c) Exit phase (d) Pull-out phase

Figure 3.2: Suture phase segmentation used in the original simulator. The needle and the membrane
are denoted by the black semi-circles and the blue curves, respectively. The camera, under the
membrane, is not shown for brevity. The image is from [49]

This suture phase segmentation scheme provides a guideline for the essential suture steps,

but the boundaries between the four phases are undefined, which consequently hinders segmenting
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sensor data for each phase. This shortcoming motivates us to improve the suture phase segmentation

scheme by determining the boundaries between the suture phases.

3.1.2 The improved suture phase segmentation scheme

As shown in Fig. 3.3, the improved suture phase segmentation scheme divides a suture

based on the events (i.e., tip entry time, tip exit time, and swage exit time) determined by the

image-processing program and the Python program. For each suture, the tip entry time is the time

of the first video frame in which the needle is detected, while the swage exit time is the time of the

last video frame in which the needle is detected. The tip entry time and the swage exit time are

determined by the image-processing program in the data-collection stage.

The tip exit time, determined in the data-analysis stage, is defined as when the needle tip

starts piercing the membrane in an upward direction. Its calculation requires the needle exit point

and the needle tip trajectory detected in the data-collection stage. By calculating the distance

between the needle exit point and the points on the trajectory, the tip exit time is chosen as the

timestamp corresponding to the last needle tip point that is 1mm away from the needle exit point.

After the segmentation based on the three events, a suture is split into 4 phases.

• The approach phase is the period before the needle punctures the membrane.

• The insertion phase is the period when a participant inserts the needle body into the membrane

housing and then moves the needle tip toward the exit point.

• The removal phase is the period when a participant re-grasps the needle tip and then removes

the needle body from the membrane housing.

• The pull-out phase is the period for pulling out the thread.

The improved suture phase segmentation scheme opens up the possibility of extracting

sensor data at each suture phase, which helps to interpret the data and develop new metrics for

suturing skill assessment.

3.2 Skill assessment metrics from previous works

Needle Tip Path Length (TipPathLen) is the length of the needle tip trajectory during the

insertion phase. Similar to the path length of the instrument’s tip [75], TipPathLen is designed
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Approach phase Insertion phase Removal phase Pull-out phase

Tip entry time Tip exit time Swage exit time

Figure 3.3: The improved suture phase segmentation. The needle, the thread, and the membrane
are denoted by the black semi-circles, the blue curves, and the gray line, respectively. The camera,
under the membrane, is not shown for brevity.

to measure participants’ motion economy. Also, a small TipPathLen indicates the suturing trajec-

tory follows the curvature of the needle, as any deviation from the ideal trajectory would increase

TipPathLen.

To reduce the noisy data, the noise-removal techniques in [49] were adopted to filter the

detected tip points. TipPathLen is calculated by

TipPathLen = kcam

n−1∑
i=1

||pi+1 − pi||2 (3.1)

where kcam denotes the pixel-to-mm conversion ratio (i.e., 0.21 for our simulator), pi denotes the i
th

filtered tip point in Cartesian coordinate system, and n denotes the number of filtered tip points.

Needle swept area (SweptArea) is the accumulated needle locations during the insertion and

removal phase. The metric is designed to measure if the needle-driving process follows the curvature

of the needle [40] as well as the wrench between the tissue and the needle during suturing. An

experienced surgeon is expected to have small SweptArea.

To calculate SweptArea, the image-processing program detects the needle in each frame

captured by the camera inside the membrane housing (see Fig. 3.1(a)). After each suture, SweptArea

is the union of the detected needle locations. The unit of the result is then converted to mm2.

SweptArea is calculated by
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Figure 3.4: An illustration of SwayLen. (a) Positive SwayLen; (b) Negative SwayLen. The needle,
the entry point, and the exit point, SwayLen are denoted by the black curve,

⊙
,
⊗

, and the red
dashed line, respectively.

SweptArea = k2cam ∗ n (3.2)

where n denotes the number of ’on’ pixels in the binary image.

Needle sway length (SwayLen) measures the needle rotation about the axis from the needle

entry point to the needle tip. The metric is designed to measure the wrench between the tissue and

the needle during suturing. A small SwayLen indicates few lateral movements of the needle, which

also implies high suturing skills.

To calculate SwayLen for image i, the needle entry point is virtually connected to the needle

tip. An orthogonal line is then drawn at the midpoint of the connection. The distance, from the

midpoint to the intersection of the orthogonal line and the needle body, is defined as SwayLeni

(denoted by the red dashed lines in Fig. 3.4). Notice that the sign of SwayLen is determined by the

direction of the unit vector with respect to the orthogonal line.

Suppose the insertion and the removal phase of a suture contains n frames in total, SwayLen

is calculated by

SwayLen = max
i

{SwayLen1,...,n} −min
i
{SwayLen1,...,n} (3.3)

Stitch length (StitchLen) is the distance between the needle entry point pen and the needle

exit point pex. This metric was introduced in [25] to distinguish experts’ and novices’ performance

for closing a straight incision on a foam skin pad, so it is assumed that the metric can also be used

for skill assessment of radial suturing. StitchLen is obtained by

StitchLen = kcam||pen − pex||2 (3.4)

18



3.3 Skill assessment metrics based on suture phases

Using the segmented suture phases, the suturing skill can be further evaluated by four

metrics, namely the needle angle range (Range(NAngle)), the averaged needle angle (AVG(NAngle)),

the range of orthogonal tip projection (Range(TipOrth)), and the duration for needle removal

(RemovalTime). Since Range(NAngle), AVG(NAngle), and Range(TipOrth) are affected by the

accuracy of the detected tip points, the filtered tip points for TipPathLen are used. Notice that

Range(NAngle), AVG(NAngle), and Range(TipOrth) evaluate participants’ performance during the

insertion phase, while RemovalTime evaluates participants’ performance during the removal phase.

Range(NAngle) measures the needle rotation about the entry point during the insertion

phase, where the needle angle (NAngle) is defined as the angle between the tip-to-entry connection

and the entry-to-exit connection in a single video frame (see Fig. 3.5). A participant with a small

Range(NAngle) is expected to have high suturing skill, as the best sutures have minimum wrench

between the tissue and the needle.

Equation 3.5 is for NAngle calculation. Specifically, vtip denotes the vector pointing from

the entry point to the needle tip, while êtan, and êorth are the tangential and the orthogonal unit

vector for the entry-to-exit connection, respectively.

NAngle = atan2(vtip · êorth, vtip · êtan) (3.5)

Suppose the insertion phase of a single suture contains n frames, Range(NAngle) is then

determined by

Range(NAngle) = max
i

{NAngle1,...,n} −min
i
{NAngle1,...,n} (3.6)

AVG(NAngle) is the mean of absolute NAngle during the insertion phase. Similar to Range(NAngle),

AVG(NAngle) indicates the wrench between the tissue and the needle during suturing, so AVG(NAngle)

is expected to be inversely proportional to the experience levels. Range(NAngle) is calculated by

AVG(NAngle) =

∑n
i=1 |NAnglei|

n
(3.7)

where n denotes the number of video frames during the insertion phase.

Range(TipOrth) measures the range of needle tip lateral movement during the insertion
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Figure 3.5: NAngle versus TipOrth. (a) At the beginning of the insertion phase; (b) At the middle
of the insertion phase. Notice that (a) and (b) has identical NAngle but different TipOrth. The
needle, the entry point, and the exit point are denoted by the black curve,

⊙
, and

⊗
, respectively.

phase. The orthogonal tip projection (TipOrth) denotes projecting the tip-to-entry connection in

a single video frame to êorth, where êorth denotes the orthogonal unit vector for the enty-to-exit

connection. A small Range(TipOrth) indicates a minimum wrench between the tissue and the

needle, which implies high suturing skill.

Compared with NAngle, TipOrth requires higher detection accuracy of the needle tip, but it

is more sensitive to needle deviation when the needle tip approaches the exit point. An illustration

is shown in Fig. 3.5. It is noticeable that the needle lateral movement is significantly larger in Fig.

3.5(b) than in Fig. 3.5(a). The difference between NAngle in Fig. 3.5(a) and (b), however, is much

smaller than the difference between TipOrth in the two subfigures.

Equation (3.8) is for the calculation of TipOrth. Specifically, vtip denotes the vector from

the entry point to the needle tip, while êorth represents the orthogonal unit vector for the needle

entry-to-exit connection.

TipOrth = vtip · êorth (3.8)

Suppose the insertion phase of a single suture contains n frames, Range(TipOrth) is then

determined by

Range(TipOrth) = max
i

{TipOrth1,...,n} −min
i
{TipOrth1,...,n} (3.9)

RemovalTime is how long a participant spends in the removal phase. Time is a prevalent

metric for suturing skill assessment [11, 6, 10], so it is expected that the duration in the removal

phase can also distinguish participants with different skill levels. RemovalTime is calculated by
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RemovalTime = Tswage exit − Ttip exit (3.10)

where Tswage exit and Ttip exit denote the swage exit time and the tip exit time, respectively.

3.4 Comparing metric performance

The first statistical question examined is whether the metric values for the three groups

have different means. Since the dataset contains a large number of individual sutures, this paper

uses one-way analysis of variance (one-way ANOVA) and Welch’s t-test to answer this question. If

p < 0.05, the group means are considered to be different.

One-way ANOVA and Welch’s t-test examine whether the metric performance of the three

groups is different, but the ultimate goal of skill assessment is to classify the performance of individual

participants. Receiver Operating Characteristics (ROC) curves are specifically designed to visualize

the performance of two-group threshold-based classifiers and thus are useful for comparing the

effectiveness of individual metrics for use in skill assessment. Specifically, an ROC curve shows how

the true positive rate (TPR) and the false positive rate (FPR) vary when changing the classifier

threshold value.

The metric classification performance is evaluated by the ROC curves for the suture classifier

and for the trial classifier. For the suture classifier, a participant’s performance is determined based

on a single suture. The trial classifier, however, determines a participant’s performance by the

median metric value of a single suturing exercise. Compared with the suture classifier, the trial

classifier is expected to have higher performance, since the decision is based on more measurements.

Specifically, the median summarizes the participant’s performance on the 12 sutures in an exercise.

Further, the median is insensitive to extreme values that might arise due to sensor noise.

A popular way to evaluate the performance of a classifier is to measure the area under its

ROC curves, known as area under curve (AUC). AUC is considered to be a measure of aggregate

classification performance, as an ROC curve includes TPR and FPR determined by all possible

decision thresholds [23]. For example, a random classifier has AUC equal to 0.5, since its ROC curve

is the diagonal from (0, 0) to (1, 1). In contrast, AUC for an ideal classifier is equal to 1, as the

corresponding ROC curve approaches the top-left corner of the ROC graph [31].
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Chapter 4

Data collection

SutureCoach was used to collect data on campus and in several vascular conferences over

a 5-month period [76, 83]. Before using the simulator, each participant was required to fill out a

consent form and a questionnaire that recorded the subject’s characteristics (e.g., age and height).

The questionnaire is shown in Appendix A. The experimental procedures were approved by Clemson

University Institutional Review Board (IRB number: IRB2020-387).

Since SutureCoach and the original simulator use the same suturing pattern, The two simu-

lators have similar instructions for the suturing exercise. To complete the exercise on SutureCoach,

a participant starts inserting the needle at the mark on Suture 1 (see Fig. 4.1). The ideal needle

pull-out location is on the same radius, such that the edge of the brown circle is in the middle

between the mark and the pull-out location. The participant then sutures at Suture 2, using the

same procedure. During the exercise, participants are allowed to replace used needles with new ones.

The exercise is complete when all 12 sutures have been finished. When collecting the dataset, all

participants received identical instructions for using SutureCoach.

During data collection, participants were required to perform four exercises on SutureCoach:

The first exercise is at surface condition (see Fig. 2.3(d)), followed by an exercise at depth condition

(see Fig. 2.3(e)). They then repeated the two exercises in the same order. All exercises used the 3-0

Prolene sutures (26mm 1/2c SH needle).

Recall that the software of SutureCoach is controlled by keyboard inputs, so an operator

is required during the data collection. When setting up SutureCoach, the software is turned on

by running the executable file. Before each suturing exercise, the operator presses the w key to
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Start here Ideal pull-out location

Figure 4.1: An illustration for performing the suturing exercise on SutureCoach. The red arrow
denotes the suturing direction.

activate the software so the simulator starts recording and processing the sensor data. If a suture

cannot be processed by the software (indicated by the terminal output), the operator is required to

press the m key, so the data collection process can be continued. It was observed that the m key

was used occasionally when collecting the dataset, which was due to participants’ improper suturing

techniques, such as failing to puncture the membrane. After an exercise is finished, the s key should

be pressed so the software stops recording data for the current exercise. After the data collection

process is completed, the q key should be pressed so the software is terminated appropriately.

The dataset includes 97 participants, which are then separated into three groups:

• The expert group consists of 35 participants who are fellows or attending surgeons.

• The intermediate group consists of 32 resident surgeons whose postgraduate year (PGY) is

from one to five.

• The novice group consists of 30 participants who are medical students or graduate students.

Fig. 4.2 shows the distribution for the years of experience in intermediate and expert groups.

In Fig. 4.2, a one-year fellow is considered to have six years of experience, while a one-year attending

surgeon is considered to have eight years of experience. The red dashed line in Fig. 4.2 denotes the

boundary between intermediate and expert groups. Notice that the students in the novice group are

considered to have zero years of experience, so the novice group is not shown in Fig. 4.2.

For our dataset, the expert group, the intermediate group, and the novice groups have

1695, 1509, and 1500 detected sutures, respectively. Notice that some of the suture data (less than

0.5%) are removed from the dataset, as participants finished the sutures without puncturing the
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(a)

Residents Fellows and attendings

Figure 4.2: Distribution for the year of experience in intermediate and expert groups. The interme-
diate group is on the left of the red dashed line, while the expert group is on the right of the red
dashed line.

membrane, which consequently caused the image-processing program to have inaccurate needle and

thread detection.
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Chapter 5

Results and discussion for suturing

skill assessment via needle motion

5.1 Results

For the eight metrics, one-way ANOVA shows that the means of the three groups are

significantly different at both surface and depth conditions. Also, Levene’s test shows that the

metrics have different variances among the three groups at the two conditions.

The confidence intervals calculated by Welch’s t-test are shown in Fig. 5.1, where each

subfigure shows the comparisons of experts versus intermediates (E-I), experts versus novices (E-N),

and intermediates versus novices (I-N) for a specific metric. The comparisons are made separately

for surface and depth conditions. The confidence interval denotes the range of likely differences

between the two group means. Therefore, if a confidence interval does not cross zero, indicated by

the red dashed line, then the null hypothesis is rejected. In other words, if zero is not in a confidence

interval, there is a statistically significant difference between the mean of the two groups. Detailed

statistical analysis for the eight metrics are summarized in Table 1 in Appendix B.

Boxplots for the eight metrics are shown in Fig. 5.2, where the metric values for the three

groups are presented at surface and depth conditions separately. Fig. 5.2 also includes the mean

metric values for each group. Extreme outliers are not shown in Fig. 5.2 to avoid cluttering the

figures.
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Surface

Depth

y=0

E: Expert group

I: Intermediate group
N: Novice group

Figure 5.1: Confidence intervals for the eight image-based metrics showing pairwise comparisons of
experts versus intermediates (E-I), experts versus novices (E-N), and intermediates versus novices
(I-N). For each pairwise comparison, the surface and the depth condition are shown separately.

Fig. 5.3 and Fig. 5.4 present ROC curves for the eight metrics at the depth condition.

Specifically, Fig. 5.3 shows the ROC curves for the suture classifier, while Fig. 5.4 shows the ROC

curves for the trial classifier. In the two figures, the group with more experience is considered to be

positive.
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(d) (e) (f)

(g) (h)

Surface

Depth

*: Mean
E: Expert group

I: Intermediate group

N: Novice group

Median

Figure 5.2: Boxplots of the eight image-based metrics. Each sub-figure presents the outputs of a
single metric, separated into the three groups, at surface and depth conditions. The extreme outliers
are not shown in the boxplots.

5.2 Discussion

Fig. 5.1 shows that the metrics are effective at distinguishing between students’ and sur-

geons’ performance. Moreover, the depth constraint enhances the ability to differentiate performance

between resident surgeons and attending surgeons. More complex movements are used to suture at

the depth condition, which is beneficial for distinguishing participants’ suturing skill levels. This
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(a) (b)

(c)

SweptArea

StitchLen
SwayLen

Range(NAngle)

Range(TipOrth)
AVG(NAngle)

RemovalTime

TipPathLen

Random classifier

Figure 5.3: ROC curves for the suture classifier. Each subfigure shows the classification between
two groups at the depth condition.
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Figure 5.4: ROC curves for the trial classifier. Each subfigure shows the classification between two
groups at the depth condition.
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hypothesis is further supported by Fig. 5.2, which shows that each group tends to have larger metric

values at the depth condition than at the surface condition.

StitchLen is one of the metrics that have significantly different means for the three groups

at the surface condition; however this result might be an artifact of the instructions to participants.

During data collection, participants were asked to make sutures symmetric about the incision line on

the membrane (shown by the brown circle in Fig. 2.3(b)). The geometry of the specified entry loca-

tions and incision line used in this study made the ideal StitchLen to be 13mm, which is considered

uncomfortably long from surgeons’ feedback. As shown in Fig. 5.2(d), attending surgeons tended to

make shorter stitches than the resident surgeons, suggesting that the experienced participants were

more likely to disregard the instructions.

Fig. 5.2 shows that the expert group achieves the smallest range of metric values at the

depth condition for six out of eight metrics, suggesting that attending surgeons have more consistent

performance as compared to resident surgeons and students. Fig. 5.2 also shows that the expert

group has the smallest median and mean at the depth condition for metrics SweptArea, SwayLen,

Range(NAngle), AVG(NAngle), and Range(TipOrth), indicating the attending surgeons have less

lateral needle movement than the other participants. Furthermore, the time measurement metric

(i.e., RemovalTime) suggests the attending surgeons are more efficient than the other two groups in

the removal phase at the depth condition (see Fig. 5.2(h)).

Like [49], SweptArea, SwayLen, and StitchLen are capable of distinguishing the suturing

skill between resident and attending surgeons at the depth condition in our dataset. Although

TipPathLen is able to distinguish the resident surgeon group and the attending surgeon group in

[49], it does not show significant differences in the current dataset. In the current simulator, the

needle occasionally reflects the LED light, causing the detected needle tip position to change between

the needle midpoint and the actual needle tip. The TipPathLen metric is particularly sensitive to

this noise in tip detection, which may explain the decreased effectiveness of the TipPathLen metric

in the present study.

As shown in Fig. 5.1, Range(NAngle), AVG(NAngle), and Range(TipOrth) have signifi-

cantly different means for the three groups at the depth condition. These three metrics outperform

TipPathLen, in part because they are less likely to be affected by noisy needle tip detection.

Thus, Fig. 5.1 and 5.2 indicate that the metrics reveal the different performances among

the three groups, which are in various experience levels.

30



Comparing Fig. 5.1 and 5.3, notice that even if two groups have statistically different

means for some metrics, that does not guarantee high classification performance. For example, even

though RemovalTime has p < 0.05 for the E-I comparison at the depth condition (see Fig. 5.1(h)),

the corresponding ROC curve indicates RemovalTime has similar classification performance as a

random classifier (see Fig. 5.3(a)). In contrast, SweptArea not only has significant mean differences

for E-N and I-N comparison (see Fig. 5.1(b)) but also has the largest AUC among the eight metrics

when classifying students from surgeons at the depth condition (see Fig. 5.3(b) and (c)).

Fig. 5.3 demonstrates the ROC curves for the suture classifier. ROC curves are exam-

ined for the depth condition only, since several metrics showed statistically significant differences

between experts and intermediates only at depth, but not at surface. From Fig. 5.3(b) and (c),

note that SweptArea has the largest AUC between the student and the surgeon groups, followed

by Range(TipOrth). In contrast, the ROC curve of AVG(NAngle) has the smallest AUC for the

student-surgeon classification. Fig. 5.3(b) and (c) also show that Range(TipOrth) outperforms

Range(NAngle) and AVG(NAngle) for E-N and I-N classification, but AVG(NAngle) has better clas-

sification performance than Range(TipOrth) and Range(NAngle) for E-I classification (see Fig.

5.3(a)).

The ROC curves for the trial classifier are shown in Fig. 5.4. The resolution of these

ROC curves (Fig. 5.4) is lower than the resolution of the suture classifier ROC curves (Fig. 5.3),

since there are twelve times as many sutures as trials. In Fig. 5.4(c), TipPathLen has significantly

larger AUC than in Fig. 5.3(c). One reason is the noisy tip detection decreases the performance of

TipPathLen in the suture classifier.

By comparing the AUC in Fig. 5.3 and 5.4, it is noticeable that the trial classifier outper-

forms the suture classifier, indicating the trial classifier should be used to distinguish participants’

performance. Specifically, the trial classifier with AVG(NAngle) has the best performance for E-I

classification (see Fig. 5.4(a)), while the trial classifier with TipPathLen has the best performance

I-N classification (see Fig. 5.4(c)).

Thus, Fig. 5.3 and 5.4 indicate that the metrics can classify participants’ suturing skill

levels.

In the present work, clinical standing (i.e., attending surgeons and fellows; resident surgeons;

and students) is used as a proxy for suturing skill, but suturing skill is not necessarily directly

determined by clinical standing. A more objective evaluation of the suturing metrics could be
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obtained if an improved ground-truth assessment of suturing skill was available. For example, the

suturing skill could be independently assessed using expert ratings from several experienced surgeon

educators.

Fig. 4.2 shows that the threshold for splitting the intermediate and the expert group is close

to the peak in the year-of-experience distribution. Since years of experience is only an approximation

of suturing skill, the cluster of participants close to the intermediate-expert boundary may lead to

increased misclassification, even if the suturing metrics correlate well with suturing skill. This

observation is supported by the results in Section 5.1, both the statistical results and the ROC

curves show that the eight metrics are capable of distinguishing students from surgeons, but their

performances decrease when comparing the resident surgeons with the attending surgeons. It is

expected that this problem will be alleviated by using other techniques to evaluate participants’

actual suturing skill.
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Chapter 6

Deep learning algorithms for hand

roll estimation

6.1 Introduction

6.1.1 Motivation

To complete the suturing exercise on SutureCoach, participants are required to drive the

needle by rotating their wrists, such that the palm is facing upward/downward. An example is

shown in Fig. 6.1. Since the ideal pull-out location is in the brown circle, the participant needs

to rotate the wrist to make the palm face downward, so the needle can approach the ideal pull-out

location. This motion can be considered as the hand rotation about the roll axis (see Fig. 6.1), so

the motion is abbreviated as hand roll hereafter.

Roll axis

Figure 6.1: A demonstration of the suturing exercise on SutureCoach. The figure is adapted from
[76]
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6.1.2 Prior work

Hand roll has proven to be an effective measurement of participants’ suturing skills, as hand

roll angle and roll velocity can be used to calculate hand-roll metrics for suturing skill assessment [21,

76]. Dubrowski et al. [21] use an electromagnetic motion analysis system to estimate participants’

hand roll angles when they suture on an artificial artery model. The results show that the junior

resident surgeons and the faculty surgeons have significantly different roll during the exercise, where

roll refers to the difference between the minimum and the maximum of hand roll angle. Shayan

et al. [76] use inertial measurement units (IMU) to measure participants’ hand roll velocity when

they practice on SutureCoach. The results show that metrics based on hand roll velocity have

significantly different outcomes among students, resident surgeons, and attending surgeons. These

studies, however, require participants to wear a specific sensor during data collection, which would

interfere with their suturing performance.

6.1.3 Hand roll estimation and suturing skill assessment via video anal-

ysis

To reduce potential interference from wearing sensors, this work proposes using a video

analysis program for hand roll estimation and suturing skill assessment. The pipeline for the program

is shown in Fig. 6.2. After receiving the videos with hand motion, the program first crops the hand

region by a hand detection algorithm. The cropped images are then processed by an algorithm

for hand roll angle and velocity estimation, such that the estimated roll angle and roll velocity are

similar to the IMU measurement. The estimated hand roll angle or roll velocity is then used to

calculate hand-roll metrics in [76] for suturing skill assessment.

Hand detection 
algorithm

Hand roll estimation 
algorithm

Hand-roll metricsVideos with 
hand motion

Cropped 
images

Estimated hand 
roll angle/velocity

Figure 6.2: Pipeline for the video-analysis program for hand roll estimation and suturing skill
assessment.

This chapter is organized as follows: Section 6.2 describes the data used for the two algo-

rithms and data for calculating hand-roll metrics. Section 6.3 describes the hand detection algorithm.

Section 6.4 describes the hand roll estimation algorithms. Section 6.5 describes the hand-roll met-
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rics in [76], which are for examining if the algorithm output can be used for surgical suturing skill

assessment.

6.2 Data description

Recall that SutureCoach has been used to collect data at different locations over a 5-month

period [76, 83]. Fig. 6.3 shows the video frames from Camera 2 (see Fig. 2.3(a)) at the 5 data

collection locations, where Location A, B-D, and E, were at a hospital, vascular conferences, and a

graduate student office, respectively.

Location A Location B Location C Location D Location E

Figure 6.3: Video frames captured at the 5 data collection locations.

Table 6.1 shows the total number of sutures used in this study, which involves sutures for

the hand detection dataset and sutures for the hand roll estimation dataset. The two datasets are

used to train the algorithms shown in Fig. 6.2. After training the algorithms, the total number

of sutures is used to calculate the hand-roll metrics for suturing skill assessment. The number of

sutures in Table 6.1 is smaller than the number of sutures used for the image-based metrics (see

Chapter 4), as some sutures are removed due to underexposed videos from Camera 2.

Table 6.1: Number of sutures used for training algorithms and suturing skill assessment
Total sutures

Condition Expert Intermediate Novice
Surface 676 615 594
Depth 646 619 548

Sutures for the hand detection dataset
Condition Expert Intermediate Novice
Surface 84 48 48
Depth 72 24 72

Sutures for the hand roll estimation dataset
Condition Expert Intermediate Novice
Surface 60 144 48
Depth 59 180 36

A custom Python program (see Fig. 6.4) is used to average roll angle and roll velocity
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Videos from 
Camera 2

Roll angles from 
hand IMU

Average  
data

Convert to cos-sin 
representation

Segment and 
align data per 
suture using 

needle 
entry/exit time

Roll velocity 
from hand IMU

Average  
data

Ground-truth 
roll angle

Ground-truth 
roll velocity

Figure 6.4: The custom Python program for averaging roll angles and roll velocity.

measured by IMU, as IMU records data at 120 Hz but Camera 2 records videos at 30 fps. To

average the data, the Python program first uses needle entry/exit time per suture to segment roll

measurement from IMU (see Fig. 2.3(d)) and videos from Camera 2 (see Fig. 2.3(a)). After

aligning IMU measurement with video frames via timestamps, the roll angle and the roll velocity

for a single video frame are then represented by the mean of its closest IMU measurement and

its three preceding IMU measurements. For simplicity, the average roll angle is denoted by the

ground-truth roll angle, and the average roll velocity is denoted by the ground-truth roll velocity

hereafter. The Python program also converts the roll angles from Euler angle representation to

cos-sin representation, which guarantees the hand roll estimation algorithm estimating continuous

signals. A detailed discussion of Euler and cos-sin representations is in Section 6.4.1.2.

6.2.1 Hand detection dataset

(a) (b) (c) (d)

Figure 6.5: Video frames from the 4 videos that record blue gloves and other blue objects. Those 4
videos are included in the hand detection dataset.

The hand detection algorithm aims to detect the participant’s blue glove in different en-

vironments, so the hand detection dataset should involve images with different backgrounds and

ambient light. Thus, each data collection location in Fig. 6.3 has been randomly chosen 5 videos to

construct the hand detection dataset. For the 25 videos, each of them records a suturing task at the

surface condition (see Fig. 2.3(d)) or at the depth condition (see Fig. 2.3(e)). To reduce the false
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detection of the algorithm, 4 videos with other blue objects are also added to the hand detection

dataset. Example video frames from the 4 videos are shown in Fig. 6.5. Since each of the videos

records 12 sutures, the number of sutures in the hand detection dataset is summarized in Table 6.1.

For the 25 videos, the ground-truth bounding boxes of the blue glove are determined by

color thresholding, as there is only a single blue object (i.e., the blue glove) in each video frame. To

determine a bounding box, a Python program first converts video frames from RGB to HSV color

space. The blue glove is then detected by the pre-defined color threshold. The smallest rectangle

that encloses the detection result is defined as the ground-truth bounding box of the blue glove.

For the 4 videos including other blue objects, the ground-truth bounding boxes are man-

ually labeled via a graphical annotation tool named LabelImg [56]. Since YOLO object detection

algorithms require the bounding box to be normalized by image width wi and image height hi, each

bounding box is denoted by (x̂, ŷ, ŵ, ĥ).

x̂ =
x

wi
; ŷ =

y

hi
; ŵ =

w

wi
; ĥ =

h

hi
(6.1)

where (x, y) is the center, w is the width, and h is the height of the original bounding box.

The normalized bounding boxes, along with the video frames, are used to construct the

hand detection dataset. when training the hand detection algorithm, the dataset is separated into

training, validation, and test sets, which involve 48k, 16k, and 16k images, respectively.

6.2.2 Hand roll estimation dataset

The hand roll estimation algorithms aim to estimate participants’ hand roll angles or roll

velocity based on cropped images. Since a major portion of the cropped images is the blue glove, the

hand roll estimation algorithms are assumed to be less sensitive to image backgrounds than the hand

detection algorithm. Thus, the hand roll estimation dataset is constructed from 44 videos collected

at a single location (i.e., Location D in Fig. 6.3). The 44 videos record suturing tasks at the surface

condition (see Fig. 2.3(d)) and at the depth condition (see Fig. 2.3(e)). Since each video records 12

sutures, the number of sutures in the hand roll estimation dataset is summarized in Table 6.1.

The hand roll estimation dataset involves the average roll angle, average roll velocity, and

cropped images of the blue gloves. The average roll angle and average roll velocity are calculated

by the Python program shown in Fig. 6.4, while the cropped images are generated based on the
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bounding box from the hand detection algorithm. To crop the blue glove from a video frame, the

bounding boxes from the hand detection algorithm are expanded to squares. The square bounding

box is centered at the blue glove unless the bounding box exceeds the boundary of the video frame.

Based on the bounding box location, the glove portion was then cropped from the video frame.

When training the hand roll estimation algorithms, the hand roll dataset is separated into training,

validation, and test sets, which involve 100k, 33k, and 33k images, respectively. The training set

is used to update the parameters such as weights, while the validation set is used to determine the

hyper-parameters such as the learning rate [70]. After the training process is completed, the test set

is used to provide an independent evaluation of the algorithm’s performance [72].

6.3 Hand detection algorithm

6.3.1 Motivation

Since deep-learning object detection algorithms support detecting different types of objects

in different environments, they have been used for surgical tool detection and hand detection [13, 29].

Deepika et al. [13] use mask-RCNN [32] to segment surgical tools from videos of neurosurgery.

Their algorithm has high accuracy, but the processing speed is comparatively low. Specifically,

mask-RCNN can only process 5 frames per second [32]. In comparison, Goldbraikh [29] et al. use

YOLOv3 [66] to localize participants’ hands and surgical tools from videos of suturing exercises.

Their algorithm archives decent detection accuracy and near real-time processing speed (35 frames

per second). This work motivates us to detect participants’ hands via deep-learning object detection

algorithms.

6.3.2 Hand detection using YOLOv7

For our video analysis program (see Fig. 6.2), the hand-detection algorithm is expected to

run in real time, so the subsequent hand roll estimation algorithm can provide instantaneous output.

Thus, the proposed hand detection algorithm will be developed based on YOLOv7 [94], which is the

recent version in the YOLO family.

Studies show that YOLOv7 surpasses previous YOLO algorithms in both speed and accuracy

[94]. Compared with previous YOLO algorithms, YOLOv7 introduces an efficient training method,
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a robust loss function, and an efficient label assignment method [94]. To achieve efficient training,

YOLOv7 uses RepConv [17] without identity connection to design a planned re-parameterization

model, where re-parameterization is a technique that uses a large model at the training stage and

then merges some model components to create a smaller model at testing stage [17]. To improve

the loss function, YOLOv7 adds auxiliary heads in the middle layers of the network, so the shallow

network can be guided by the assistant loss from the auxiliary heads. Research shows that using

auxiliary heads improves the algorithm convergence speed and reduces testing errors [54]. To improve

the label assignment method, YOLOv7 provides fine labels to the lead head, but coarse labels to

the auxiliary heads. Compared with fine labels, coarse labels are less accurate, but coarse labels are

more suitable for auxiliary hands that have limited learning ability [94].

6.3.3 Data pre-processing and hyperparameters

Since YOLOv7 has been trained on MS COCO dataset [55] and our hand detection task is

comparatively simple, the YOLOv7 model [93] has been fine-tuned using the hand detection dataset.

During the training process, the default hyperparameters on [93] are used. The input images are

re-sized to 640×640, and the number of epochs is set to 20, chosen empirically. During testing, the

input images are resized to 640×640, and the confidence threshold is set to 0.558. The confidence

threshold is chosen based on the F-1 curve generated during the training process.

6.3.4 Evaluating algorithm performance

6.3.4.1 Mean average precision (mAP )

mAP is a common metric to evaluate the performance of object detection algorithms. The

process of mAP calculation is as follows.

When YOLOv7 receives an image, the algorithm outputs the confidence and the bounding

box of the detected objects. The accuracy of the predicted bounding box is evaluated by intersection-

over-union (IoU), which is a ratio of the predicted bounding box (b̂ox) and the ground-truth bounding

box (box).

IoU =
b̂ox ∩ box

b̂ox ∪ box
(6.2)

If IoU of a detected bounding box is above the pre-defined IoU threshold, it is considered as a correct

detection.
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Based on the pre-defined confidence threshold and IoU threshold, a confusion matrix is

generated. The matrix includes 4 categories.

• True positive (TP): The algorithm predicts a bounding box of the hand at a specific location

(positive), and it is correct (true).

• False positive (FP): The algorithm predicts a bounding box of the hand at a specific location

(positive), but it is wrong (false). It indicates the algorithm falsely determines other objects

as the hand.

• False negative (FN): The algorithm does not predict a bounding box of the hand at a specific

location (negative), but it is wrong (false). It indicates the algorithm ignores the hand.

• True negative (TN): The algorithm does not predict a bounding box of the hand at a specific

location (negative), and it is correct (true). This corresponds to the image background.

Precision(P ) and recall(R) are calculated based on the confusion matrix.

P =
TP

TP + FP
(6.3)

R =
TP

TP + FN
(6.4)

If the pre-defined confidence threshold varies, the values of P and R would change [4]. The

various P and R can be plotted as a precision-recall curve, and the area under the curve is defined

as average precision (AP ) [9].

AP =

∫ 1

0

P (R)dR (6.5)

mAP is the average of AP among different classes.

mAP =
1

N

N∑
i=1

APi (6.6)

where N denotes the number of classes. For the hand detection algorithm, there is only one class

(i.e., hand), so N = 1.
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6.3.4.2 Evaluation metrics used by YOLOv7

YOLOv7 uses P , R, mAP@0.5, and mAP@0.95 to as evaluation metrics. P and R are

calculated using (6.4) by setting the confidence threshold to be 0.558 and the IoU threshold to be

0.65, where the confidence threshold is chosen based on F1-curve, and the IoU threshold is the default

value. mAP@0.5 denotes mAP with IoU threshold being 0.5. mAP@0.95 denotes the average of

mAP over different IoU thresholds, and the thresholds are from 0.5 to 0.95 with a step size of 0.05

[100].

6.4 Hand roll estimation algorithms

6.4.1 Comparing orientation representations

6.4.1.1 The 3D orientation representations used by IMUs

The IMUs on SutureCoach measure the object orientation in 3-dimensional space. The

IMUs have three orientation representations:

• Euler angles. It describes orientation using the X (roll), Y (pitch), and Z (yaw) axis, so

it is easy to interpret. The representation, however, has the gimbal lock. Specifically, the

values at the roll and the yaw axes are undefined when the IMU points upward/downward

(i.e., pitch=±90◦).

• Unit quaternions. It describes orientation using a 4-element unit vector. Unit quaternions

are free from gimbal lock.

• Rotation matrix. It describes orientation using a 3×3 matrix. Rotation matrices are free

from gimbal lock.

The three orientation representations, however, are unsuitable for training the deep-learning

algorithms [107]. Specifically, Euler angles and unit quaternions suffer from discontinuity, while ro-

tation matrices are an excessive representation. To train deep-learning algorithms for 3D orientation

estimation, the study [107] recommends letting the algorithms estimate the first two columns (i.e.,

6 values) in rotation matrices, which guarantees a continuous orientation representation and avoids

the redundant information in the rotation matrices. Suppose the algorithm outputs (i.e., 6 values)
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are separated into two 3×1 vectors a1 and a2, the estimated rotation matrix M can be calculated

by

M = [b1, b2, b3]
T (6.7)

where 
b1

b2

b3

 =


N(a1)

N(a2 − b1 · a2 · b1)

b1 × b2

 (6.8)

In (6.8), N(·), ·, and × denote a normalization function, dot product, and cross product, respectively.

The algorithms in this chapter, however, are not for estimating the 3D orientation of partic-

ipants’ hands. Since SutureCoach was used to collect data at different locations at which the IMU

initial orientation is unknown, it is challenging to calibrate the IMU to a canonical orientation (e.g.,

let IMU point to the magnetic north). Also, hand roll has been widely used for surgical suturing

skill assessment [21, 76], and the rotation around the roll axis is independent of the IMU initial

orientation. Thus, this work focuses on training deep-learning algorithms to estimate hand rotation

around the roll axis.

6.4.1.2 Orientation representations at roll axis

Recall that the Euler angle representation provides an intuitive way to interpret the rotation

around the roll axis, so the Euler angle at the roll axis can be directly used to represent the hand roll.

The discontinuity of the Euler angle representation, however, makes it unsuitable for training deep-

learning algorithms. Since the range of Euler angle is in [−π, π] but the hand roll angle can exceed

the range, a tiny hand roll can cause the switch from −π to π, in which the magnitude is much larger

than the actual hand roll. This discontinuity hinders the convergence of deep-learning algorithms,

as studies show that deep-learning algorithms’ approximation speed is positively proportional to

the smoothness of the function to be approximated [102, 103]. Worse, the discontinuity causes

Euler angle representation to have misleading error measurements when training the algorithms.

An example is shown in Fig. 6.6(a). It is noticeable that the error between the IMU measurement

and the estimation is significantly large, but −π+ ϵ and π− ϵ actually represent similar orientations

at the roll axis, indicating the algorithm should have a small penalty.
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The cos-sin representation is an alternative to represent orientation at the roll axis. Different

from Euler angles, the cos-sin representation uses a 2×1 vector to represent orientation. Research

proves that the cos-sin representation is a continuous representation of 2D rotation, as it is the first

column of the rotation matrix in 2D space [107]. Also, the training errors measured by the cos-sin

representation reflect the actual errors of orientation. As shown in Fig. 6.6, the error between the

estimation and the IMU measurement is much smaller in the cos-sin representation (see Fig. 6.6(b))

than in the Euler angle representation (see Fig. 6.6(a)). These observations suggest that the cos-sin

representation should be used when training the deep-learning algorithms.

Suppose the hand roll angle θ is in Euler angle representation. Its corresponding cos-sin

representation (α, β) is calculated by

α = cos(θ) (6.9)

β = sin(θ) (6.10)

Equation (6.11) is used to convert the cos-sin representation (α, β) back to the Euler angle

representation.

θ = atan2(β, α) (6.11)

-𝜋𝜋 + ϵ (estimation) 

𝜋𝜋 - ϵ (IMU measurement)

Angle
cos

sin

(a) (b)

-𝜋𝜋 𝜋𝜋
Error

Figure 6.6: An example of algorithm training error measured by (a) Euler angle representation and
(b) cos-sin representation.

Since the cos-sin representation is beneficial to training deep-learning algorithms and the

Euler angle representation provides an intuitive interpretation, the cos-sin representation is used

when training the hand roll estimation algorithms, while the Euler angle representation is used

when reporting the roll angle estimation error. To avoid misleading error measurements caused by
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Euler angle representation, the errors are constrained in [−pi, pi] by

Error =


θ̂ − θ + 2π, if θ̂ − θ <= −π

θ̂ − θ − 2π, if θ̂ − θ >= π

(6.12)

where θ̂ denotes the algorithm output and θ denotes the ground-truth roll angle.

6.4.2 Algorithm structures

Three algorithms are developed for the roll angle and roll velocity estimation (see Fig. 6.7).

Since roll angle describes the magnitude of rotation and can be estimated by a single image, it can

be obtained from the algorithm for image analysis (see Fig. 6.7(a)) and the algorithms for image

sequence analysis (see Fig. 6.7(b) and (c)). In comparison, roll velocity is the amount of change

in rotation in a given amount of time, which should be calculated based on a sequence of images.

Thus, roll velocity can only be obtained from the algorithms for image sequence analysis (see Fig.

6.7(c)). These algorithms are written in Python with Pytorch deep-learning library.

6.4.2.1 Backbone algorithm

The algorithms in Fig. 6.7 use ResNet-50 as a backbone. ResNet-50 is a version of the

residual convolutional neural network [33] that has 50 weighted layers. Compared with the ordinary

feed-forward neural network such as VGG-16 [80], residual networks have a shortcut connection

between the input and the output of each building block (see Fig. 6.8). Since the shortcut connection

provides an identity mapping between the input and the output, the layers only need to learn the

residual mapping [33]. Experiment results in [33] show that the residual networks outperform the

counterpart networks that are without the shortcut connections, which indicates optimizing the

residual mapping is easier than directly optimizing the mapping between the input and the output.

ResNet-50 consists of 16 building blocks. Their general structure is shown in Fig. 6.8,

which includes a shortcut connection and three convolutional layers. Specifically, the first 1×1

convolutional layer is for reducing the number of channels in the feature map (i.e., α > β in Fig.

6.8), while the second 1×1 convolutional network is for increasing the number of channels in the

feature map (i.e., γ > β in Fig. 6.8). The stack of 1×1 convolutional layers, known as the bottleneck

design, is used to decrease the computational cost. In comparison, the 3×3 convolutional layer is for

44



Backbone

FC (512)

BN

FC (128)

BN

sin-cos 
representation

Image

Backbone

FC (512)

BN

FC (128)

Image sequence

LSTM (32)

FC (32)

Dropout 

Backbone

FC (512)

BN

FC (128)

Image sequence

LSTM (32)

FC (32)

Dropout 

FC (32)

Dropout

FC (16)

Dropout

Roll 
velocity

sin-cos 
representation sin-cos 

representation

(a) (b) (c)

Figure 6.7: Algorithms for roll angle and roll velocity estimation. (a) CNN; (b) CRNN(angle); (c)
CRNN(angle & vel). For (b) and (c), the trainable layers are in the dashed rectangle. BN denotes
batch normalization, while FC denotes a fully connected layer. The number in parentheses denotes
the number of neurons in a layer. The ReLU activation function is not shown in the figure for
brevity.

learning the translation-invariant image features [30], so the algorithm can determine if the image

includes a specific object without knowing the object location. Notice that the ReLU activation

function [61] is used after each convolutional layer.

Like other convolutional neural networks, ResNet-50 gradually increases the number of

channels in the feature maps. Thus, there are two types of shortcut connections in ResNet-50. If

the input and the output of a building block have the same number of channels (i.e., α=γ in Fig.

6.8), the shortcut connection is an identity shortcut.

y = f(x,Wi) + x (6.13)
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Figure 6.8: Building block for ResNet-50, where conv denotes convolution and ⊕ denotes element-
wise addition.

where f(x,Wi) denotes the residual mapping learned by the three convolutional layers in a building

block. Notice that the second term in (6.13) indicates the identity shortcut preserves the input x.

On the other hand, if the input and the output have different numbers of channels (i.e.,

α < γ in Fig. 6.8), the shortcut connection is a projection shortcut.

y = f(x,Wi) +Wsx (6.14)

where Ws denotes the matrix for linear projection. Note that f(x,Wi) and Wsx in (6.14)

have the same dimension, so they can be summed up by element-wise addition.

The backbone algorithm excludes the output layer of ResNet-50. Since ResNet-50 is orig-

inally designed for the image classification task, its output layer contains the softmax activation

function that converts the network output into a vector that contains the probability distribution

of image categories. In other words, ResNet-50 outputs a vector with each element in [0,1], which is

smaller than the codomain of the sin or cos function (i.e., [-1,1]).

6.4.2.2 CNN for estimating roll angle

The CNN estimates the hand roll angle by a single image, where the roll angle is in the

cos-sin representation. Fig. 6.7(a) shows the algorithm structure, which includes the backbone

algorithm and three fully connected (FC) layers. The FC layers are used to gradually decrease
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the feature dimension, as the backbone algorithm outputs a 2048×1 feature vector but the cos-sin

representation is a 2×1 vector. Specifically, the first FC layer decreases the feature dimension to

512×1, while the second FC layer decreases the feature dimension to 128×1. The two FC layers use

the ReLU activation function [61]. In comparison, the last FC layer, known as the output layer,

decreases the feature dimension to 2×1 but without any activation function.

The two FC layers use batch normalization (BN) [36] before the ReLU activation function.

BN is a prevalent technique for accelerating the training process of deep-learning algorithms. It

is well-known that training a deep-learning algorithm is challenging because the distribution of

each layer’s input changes during training [36]. BN tackles the problem by normalizing the linear

output of the layers, along the dimension of batch size, so the input to the next layer has a mean

approximated to 0 and a variance approximated to 1. Specifically, batch size denotes the number of

input samples for a single forward pass. Studies show that using BN allows algorithms to be trained

with a high learning rate, which significantly decreases the training time [36].

BN can be used in FC layers and convolutional layers. This work focuses on the imple-

mentation of BN on FC layers. Let the input to BN is Z ∈ RB×N , or Z = [z1, z2, ...,zB ], where

B denotes the batch size, and N denotes the length of features. The implementation of BN is as

follows.

When training the deep-learning algorithms, BN firstly calculates the mean µ and variance

σ2.

µ =
1

B

B∑
i=1

zi (6.15)

σ2 =
1

B

B∑
i=1

(zi − µ)2 (6.16)

Notice that the dimension of µ and σ2 are RN×1. Also, BN requires B > 1 during the training

process.

Each feature is then normalized by the mean µ and variance σ2, so the features have a

mean that approximates 0 and a variance that approximates 1.

ẑi =
zi − µ√
σ2 + ϵ

(6.17)
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where i ∈ [1, B] and ϵ denotes an arbitrary small number.

The normalized features are then scaled by γ and shifted by β, where γ and β are up-

dated during backpropagation. This operation allows BN to recover the original distribution, as

normalization is unnecessary at times.

yi = γẑi + β (6.18)

During the training process, the mean µm and variance σ2
m of the entire dataset are also

calculated via exponential moving average. These values, along γ and β, are saved when the training

process is complete.

µm = αµm + (1− α)µ (6.19)

σ2
m = ασ2

m + (1− α)σ2 (6.20)

where α is set to 0.9 in our implementation.

When testing the deep-learning algorithms, the input Z is reduced to Z ∈ R1×N , or Z =

[z1]. By using the saved µm, σ2
m, γ, and β, Z is then normalized via

y1 = γ
z1 − µm√
σ2
m + ϵ

+ β (6.21)

The CNN parameters are configured using the transfer learning (TL) technique, which is for

adapting a pre-trained model to accomplish a task with a comparatively small dataset [15]. Since

ResNet-50 has been optimized for the large-scale ImageNet dataset [71], it is assumed that its pre-

trained parameters have learned the general features of images and can be directly used for our image

analysis task. By using the pre-trained ResNet-50 as the backbone algorithm, TL avoids training

the hand roll estimation CNNs from scratch, which significantly simplifies the training process.

In this report, the CNN parameters have three configurations, resulting in three CNN mod-

els.

• CNN(FC): Only the parameters in the three FC layers are updated during training.

• CNN(conv+FC): In addition to the three FC layers, the training process also updates the

parameters in the conv4 and conv5 portions in ResNet-50 [33].

• CNN(step): The model is trained as CNN(FC) at the first 5 epochs. The model is then
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trained as CNN(conv+FC) at the remaining epochs.

Among the three models, CNN(FC) is used as the baseline for the roll angle estimation

accuracy, while CNN(conv+FC) is designed based on the fact that the algorithm performance can be

improved by increasing the number of trainable convolutional blocks [86]. In comparison, CNN(step)

is designed based on the assumption that training a shallow network is easier than training a deep

network [30], so we let the FC layers converge before simultaneously training the FC layers and the

convolutional blocks. Notice that the three CNNs update the parameters in the later layers but

preserve the parameters in the earlier layers during the training process, as the parameters in earlier

layers contain generic features that can be shared among different datasets [15, 86].

6.4.2.3 CRNN for estimating roll angle

The CRNN estimates the hand roll angle based on a sequence of images, where the roll

angle is in cos-sin representation. The algorithm structure is shown in Fig. 6.7(b), which includes

an LSTM layer and the top portion of the CNN in Fig. 6.7(a). The LSTM layer allows the algorithm

to use the previous and the current images to determine the current roll angle, so the algorithm

performance is less likely to be affected by problematic images. For example, the estimated roll

angles from the CNN have larger fluctuations than those from the CRNN when the suturing hand

is out of the camera view. Notice that the CRNN in Fig. 6.7(b) only estimates roll angles, so it is

abbreviated as CRNN(angle) hereafter.

The dashed rectangle in Fig. 6.7(b) shows that dropout [85] is used between the FC layer

and the output layer. Dropout is a technique to avoid overfitting, which means an algorithm has

high performance on the training data but not on the new data. To implement dropout, the neurons

in the FC layer are randomly ”turned off” with probability p during training, where p = 0.5 in

our settings. At test time, however, all neurons in the FC layer are used with the weight scaled as

Wtest = pWtrain. Since our result shows that CRNN(angle) with dropout outperforms CRNN(angle)

with BN, and it is suggested not to use dropout and BN simultaneously [36], BN is not used between

the FC layer and the output layer in CRNN(angle).

Fig. 6.9 compares the structure of the standard recurrent neural network (RNN) neuron (see

Fig. 6.9(a)) and the structure of the long short-term memory (LSTM) neuron (see Fig. 6.9(b)). Both

standard RNN neurons and LSTM neurons can construct recurrent neural networks for processing
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time-series data, but LSTM neurons overcome the long-term dependency problem, which refers to

the vanished gradient when there is a large gap between related information [7]. To tackle the

problem, the LSTM neuron uses the cell state ct (see Fig. 6.9(b)) rather than the hidden state ht

(see Fig. 6.9(a)) to transfer temporal information.

An LSTM neuron includes 3 gates: the forget gate, the input gate, and the output gate.

The forget gate determines what information should be removed from ct.

ft = σ(Wfhht−1 +Wfxxt + bf ) (6.22)

where σ, W , and bf denote the sigmoid function, the weight matrices, and the bias, respectively.

The input gate determines what information should be added to ct.

it = σ(Wihht−1 +Wixxt + bi) (6.23)

c̃t = tanh(Wc̃hht−1 +Wc̃xxt + bc̃) (6.24)

After the forget gate and the input gate, the cell state ct becomes

ct = ft · ct−1 + it · c̃t (6.25)

where the operator · denotes the element-wise multiplication.

Finally, the output gate determines what information should be output based on ct.

ot = σ(Wohht−1 +Woxxt + bo) (6.26)

ht = ot · tanh(ct) (6.27)

By comparing Fig. 6.9 (a) and (b), it is noticeable that the configuration of the LSTM

neuron avoids the temporal information being directly modified by input x(t), so the temporal

information can be transferred for a long period.

As can be seen from Fig. 6.9(c), time step T denotes the maximum duration of the cell

state and the hidden state. In other words, the LSTM neuron at T cannot transfer the cell state

and hidden state to the LSTM neuron at T + 1. Notice that the time step is synonymous with the

length of the input sequence when implementing LSTM in Pytorch.
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Recall that CRNN requires the input to be a sequence of images, so the sliding window

approach is used to generate the CRNN input sequence. Specifically, the first input sequence is the

first T video frames (i.e., X = [x1, x2, ..., xT ]), while the second input sequence is from the second

to the T + 1 video frame (i.e., X = [x2, x3, ..., xT+1]). A special case occurs when transferring from

one suture to the next one. Recall that the needle entry and exit time are used when generating the

dataset, so the dataset excludes the video frames between the adjacent sutures. Thus, the sequence

generated by the sliding window approach is discontinuous when going across sutures. To tackle

the problem, the video frames from the previous suture are replaced by zero matrices if the input

sequence includes images from two adjacent sutures. For instance, if the input sequence includes

T − 1 frames for the first suture and the first frame of the second suture, the input sequence will

become X = [0,0, ..., x1].

CRNN (angle) has two configurations, namely the many-to-many CRNN and the many-to-

one CRNN. The many-to-many CRNN [27] receives a sequence of video frames and then estimates

the hand roll angle per video frame. In comparison, the many-to-one CRNN [27] receives a sequence

of video frames but only estimates the hand roll angle at the last video frame. To accelerate

the training process, CRNN(angle) uses the parameters of CNN(conv+FC) and only updates the

parameters of the top layers (see the dashed rectangle in Fig. 6.7(b)) during training.

6.4.2.4 CRNN for estimating roll angle and roll velocity

Shayan et al. [76] distinguish participants’ surgical suturing skills by analyzing the hand

roll velocity measured by IMU, which motivates us to design a video analysis algorithm to estimate

hand roll velocity. Also, studies show that relevant information can be simultaneously estimated by

a single deep-learning algorithm [68, 66]. Since CRNN(angle) supports estimating roll angles and

the first-order derivative of roll angle is roll velocity, a new branch is added to CRNN(angle), so the

modified algorithm can simultaneously estimate roll angle and roll velocity (see Fig. 6.7(c)). Since

the algorithm estimates both roll angle and roll velocity, it is abbreviated as CRNN(angle & vel)

hereafter.

As shown in Fig. 6.7(c), the two output branches of CRNN(angle & vel) have similar

configurations, but the branch estimating roll velocity has one more FC layer than the branch

estimating roll angle. The extra FC layer is used to guarantee the gradual decrease of the feature

dimension for roll velocity estimation, as the output dimension of the velocity-estimation branch
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Figure 6.9: Comparing the standard RNN neuron and the LSTM neuron. (a) A standard RNN
neuron; (b) An LSTM neuron; (c) An illustration of T time steps. The sub-figures (a) and (b) are
from [105].

(i.e., a scalar) is smaller than the output dimension of the angle-estimation branch (i.e., a 2×1

vector).

Like CRNN(angle), CRNN(angle & vel) has the many-to-many and the many-to-one con-

figuration. Also, CRNN(angle & vel) uses the parameters of CNN(conv+FC) and only updates the

parameters of the top layers (see the dashed rectangle in Fig. 6.7(c)) during training.

6.4.3 Data pre-processing and hyperparameters

The training images are pre-processed by the following data augmentation techniques, which

aim to increase variation in the training data.

• Random shift in brightness in range [0.7, 1.2].

• Random shift in contrast in range [0.7, 1.2].

• Random shift in saturation in range [0.8, 1.3].
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• Random cropping the original image. The cropped image is 70-100% as large as the original

one.

After data augmentation, each image is processed based on the requirements of Pytorch

pre-trained ResNet-50. That is, the images are scaled such that both the height and the width are

equal to 224. Also, the RGB channels are normalized by mean=[0.485, 0.456, 0.406] and standard

deviation=[0.229, 0.224, 0.225], where the mean and standard deviation (STD) are calculated based

on the ImageNet dataset [71].

The normalized images are shuffled before the training process, which aims to prevent the

hand roll estimation algorithms from overfitting to specific patterns. Specifically, the order of images

is shuffled after each epoch when training the CNNs. For training the CRNNs, however, the order

of image sequences is shuffled but the order within image sequences is preserved after each epoch,

as the LSTM requires the temporal information within the image sequences.

Also, the ground-truth roll velocity is normalized before training the hand roll estimation

algorithms. Our experimental results show that the normalized roll velocity is beneficial to improving

the roll velocity estimation accuracy. The normalization process uses mean=0.071 and STD=1.302,

which are calculated from the hand roll estimation dataset.

The following hyperparameters are used during the training process. The learning rate

was set to 1e−4 for the Adam optimizer [52], while the number of epochs was set to 20, chosen

empirically. For CRNN, time step was set to 5. When training each algorithm, we only saved the

parameters corresponding to the smallest errors in the validation set, which is calculated by mean

absolute error(MAE).

6.4.4 Evaluating algorithm performance

After training the hand roll estimation algorithms, their performance is examined by the

test set and the 12 videos excluded from the hand roll estimation dataset. The test set provides an

independent evaluation of the algorithm [72], but we argue that videos provide a better estimation

of the algorithm’s actual performance. Since the test set is a portion of the hand roll estimation

dataset, the algorithms have seen images similar to the test set during training, so the algorithms

might have smaller errors on the test set than on the videos. Also, the test set only allows us to

calculate MAE, but the videos allow us to calculate MAE and analyze estimation errors for specific
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hand motion.

The 12 videos are collected by 2 SutureCoach in the SCVS conference. Specifically, 6

videos are from Location D (i.e., the location collecting the hand roll estimation dataset), while the

remaining 6 videos are from Location C (i.e., the location excluded from the hand roll estimation

dataset). Compared with test videos (Location D), test videos (Location C) are assumed to be more

challenging for the hand roll estimation algorithms, as the video frames in test videos (Location

C) have different brightness from the hand roll estimation dataset. Also, some participants are

in both the hand roll estimation dataset and test videos (Location D), but the participants in

the hand roll estimation dataset are excluded from test videos (Location C). Since the hand roll

estimation algorithms have seen the participants’ motion patterns during training, it is assumed

that the algorithms have smaller estimation errors on test videos (Location D) than on test videos

(Location C). Thus, test videos (Location C) help to estimate the robustness of the algorithms.

To visualize the instantaneous errors of the videos, a custom Python program is used to

synchronize the video frames, the estimated values, and the ground-truth (GT) values. The synchro-

nized data is beneficial to revealing which hand motion contributes to large estimation errors. Fig.

6.10 demonstrates the interface for inspecting instantaneous errors of CRNN(angle & vel)(many-to-

one) (i.e., MO) and CRNN(angle & vel)(many-to-many) (i.e., MM). Specifically, the blue dashed

rectangle includes the current video frame, in which the corresponding values are denoted by the

magenta vertical line in the right plots. The blue dashed rectangle also includes a green bounding

box that denotes the cropped image received by the hand roll estimation algorithms. The right

plots show the ground-truth and the estimated values for a single suture. The average errors for

that suture are shown in the red dashed rectangle.

6.5 Hand-roll metrics for surgical suturing skill assessment

Shayan et. al. [76] showed that hand-roll metrics named Number of rolls, Average roll angle,

Log dimensionless jerk, Spectral arc length, and Median roll velocity had significantly different means

among participants with different surgical suturing skill levels, where the metrics were calculated by

integrating the IMU roll velocity. Since the integration of roll velocity is closely related to roll angle, it

is hypothesized that those metrics based on roll angles also have different means among participants

with different skill levels. For simplicity, Number of rolls, Average roll angle, Log dimensionless jerk,
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Figure 6.10: Interface for inspecting instantaneous errors. GT, MO, and MM denote ground-truth
data, CRNN(angle & vel)(many-to-one), and CRNN(angle & vel)(many-to-many), respectively.

Spectral arc length, and Median roll velocity are abbreviated as Number of rolls, Average roll,

LDLJ, SPARC, and Median vel, respectively.

The hand-roll metrics can be classified into 2 categories.

• Roll angle metrics: Number of rolls and Average roll.

• Roll velocity metrics: LDLJ, SPARC, and Median vel.

The roll angle metrics are free from the derivative calculation (see Fig. 6.11(a)), while the roll

velocity metrics require taking derivatives of roll angles to obtain roll velocity (see Fig. 6.11(b)).

To examine if the algorithm output can be used for surgical suturing skill assessment, the

hand roll angle estimation algorithm that has the smallest errors on test videos (Location C) is used

to process the data collected by SutureCoach. The algorithm output is then used to calculate the

hand-roll metrics. It is expected that the hand-roll metrics based on algorithm output have similar

statistics as the hand-roll metrics based on ground-truth roll angles (see Fig. 6.4) if the algorithm

output and ground-truth roll angles have similar patterns.

Since the ground-truth roll angles and the algorithm output contain different amounts of

noise, Savitzky-Golay filters with various settings are used to pre-process the roll angles before
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metric calculation (see Fig. 6.11). Specifically, Fig. 6.11(a) is the pre-processing technique for the

roll angle metrics. Notice that the Savitzky-Golay filter is only applied to the algorithm output. In

comparison, Fig. 6.11(b) is the pre-processing technique for the roll velocity metrics. After data

pre-processing, ground-truth roll angles and the algorithm output use identical formulas for metric

calculation.

(a)

Ground-truth roll angles

Savitzky-Golay filter 
(window length=4, 

polynomial order=3, 
derivative=1)

Savitzky-Golay filter 
(window length=14, 
polynomial order=3,

derivative=1)
(b)

Calculating roll 
velocity metrics

Calculating roll 
velocity metrics

Output from hand roll 
angle estimation algorithm

Savitzky-Golay filter 
(window length=14, 
polynomial order=3)

Calculating roll 
angle metrics

Ground-truth roll angles
Calculating roll 
angle metrics

Output from hand roll 
angle estimation algorithm

Figure 6.11: Data pre-processing for (a) roll angle metrics and (b) roll velocity metrics.

6.5.1 Roll angle metrics

Number of rolls is for counting the number of rotational motions in the hand roll direction

during a single suture. It is assumed that Number of rolls decreases as suturing skill increases, as

competent surgeons have fewer unnecessary hand rotations than medical students [76]. To calculate

Number of rolls, the Scipy [92] find peaks function with prominence=1 and width=2 is used to

detect local minima and local maxima in the time-series roll angle signal. The resulting number of

minima and maxima is Number of rolls.

Average roll is the mean of local minima and local maxima in the time-series roll angle

signal during a single suture. Since the radial suturing task is dominated by rotational motion

and a skillful participant has large magnitude per rotational motion, it is assumed that Average

roll is proportional to participants’ suturing skill levels [76]. To calculate Average roll, the Scipy
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[92] find peaks function with prominence=1 and width=2 is used to detect local minima and local

maxima in the time-series roll angle signal. The local minima and local maxima are then averaged

by

Average roll =

∑
|θmin|+

∑
|θmax|

N
(6.28)

where θmin are the local minima and θmax are the local maxima in the time-series roll angle signal

for a single suture. N denotes the number of local minima and local maxima in that suture.

6.5.2 Roll velocity metrics

The roll velocity metrics involve the derivative of roll angles, which is calculated using the

Scipy [92] savgol filter function (see Fig. 6.11(b)). Since the padding used by the savgol filter

function causes artifacts at the start and end of the derived roll velocity, the first and last window

length of the velocity are removed before calculating the roll velocity metrics.

LDLJ measures the intermittency in motion, which can be caused by the lack of controlled

movement [82]. Thus, LDLJ quantifies motion smoothness. The core of LDLJ is the third derivative of

roll angles (i.e., jerk), which is an indication of motion intermittency. Since jerk is integrated in LDLJ

calculation, the metric is sensitive to the duration and amplitude of motion. Thus, the integration of

jerk is multiplied by a scalar (i.e., D3

v2
peak

) to make the result dimensionless [34]. Finally, the natural

log is to eliminate the wide variability of the results [5]. Since medical students have more motion

intermittency than surgeons and results in a small LDLJ value, LDLJ is assumed to be proportional

to the suturing skills. LDLJ is calculated by

LDLJ = −ln

[
D3

v2peak

∫ t2

t1

...
θ (t)2dt

]
(6.29)

where D = t2 − t1 is duration, vpeak is peak velocity, and θ is roll angles of a suture [34, 76].

SPARC is another metric measuring motion smoothness. The metric calculates the arc length,

from 0 to the cut-off frequency ωc, in the Fourier magnitude spectrum of v(t) [5]. Since unsmooth

motion contributes to large magnitudes in the Fourier magnitude spectrum and results in a small
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SPARC value, SPARC is assumed to be proportional to the suturing skills. SPARC is calculated by

SPARC = −
∫ ωc

0

( 1

ωc

)2

+

(
dV̂ (ω)

dω

)2
 1

2

dω; V̂ (ω) =
V (ω)

V (0)
(6.30)

ωc = min
{
ωmax
c , min

{
ω, V̂ (r) < V ∀ r > ω

}}

where V (ω) is the Fourier magnitude spectrum of v(t). V (0) is the DC value of the spectrum. v(t)

is the first-order derivative of the time-series roll angle for a single suture. It is recommended using

V = 0.05 and ωmax
c = 20π [5].

Median vel examines if experienced surgeons have high angular velocity or use slow con-

trolled roll motion during suturing [76]. Median vel is calculated by

Median vel = median(|v(t)|) (6.31)

where v(t) is the first-order derivative of the time-series roll angle for a single suture.
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Chapter 7

Results and discussion for suturing

skill assessment via hand motion

7.1 Results of hand detection

7.1.1 Evaluation metrics for hand detection

Table 7.1 shows the precision, recall, mAP@0.5, and mAP@0.95 of the hand detection

algorithm at the test set.

Precision Recall mAP@0.5 mAP@0.95

1.00 1.00 1.00 0.99

Table 7.1: Evaluating YOLOv7 performance

As shown in Table 7.1, the hand detection algorithm has high detection accuracy. One reason

is the hand detection algorithm is based on the fine-tuned YOLOv7, which is capable of detecting

multiple objects in a single image. In comparison, the hand detection task is comparatively simple,

as there is only one target per video frame.

7.1.2 Visualizing hand detection results

Fig. 7.1 shows the hand detection results of the fine-tuned YOLOv7, where the results are

highlighted by blue bounding boxes overlaid with the object name (i.e., dominant hand) and the
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confidence.

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Dominant hand 1.0

Figure 7.1: Output of the hand detection algorithm. The results are denoted by the blue bounding
boxes, where each bounding box is overlaid with the object name (i.e., dominant hand) and the
confidence.

From Fig. 7.1, we can notice that the hand detection algorithm can precisely detect par-

ticipants’ dominant hands in images with different backgrounds. Also, it shows that the detection

accuracy is insensitive to the hand orientation.

7.1.3 Visualizing false detection of hands

Fig. 7.2 shows some false detections of the fine-tuned YOLOv7, which involves blue objects

irrelevant to the blue gloves (see Fig. 7.2(a) and (b)) and overlapped detections (see Fig. 7.2(c)).

The detections are highlighted by blue bounding boxes overlaid with the object name (i.e., dominant

hand) and the confidence.

As shown in Fig. 7.2, the fine-tuned YOLOv7 algorithms might falsely determine blue

hoodies (see Fig. 7.2(a)) or blue jeans (see Fig. 7.2(b)) as the dominant hand. One reason is those

objects have similar colors to the blue glove. Also, the folds on the clothes look similar to the fingers

on the glove. Differ from 7.2(a) and (b), Fig. 7.2(c) shows that some detections are overlapped. By

comparing the confidence of the detections, we can notice that participants’ dominant hands have a
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Dominant hand 0.7

Dominant hand 0.93
Dominant hand 0.59

Dominant hand 0.96

(a) (b) (c)

Dominant hand 0.98

Dominant hand 0.61

Figure 7.2: False detection from the hand detection algorithm. The detection results are denoted by
the blue bounding boxes, where each bounding box is overlaid with the object name (i.e., dominant
hand) and confidence.

larger confidence value than other blue objects or the overlapped detections.

After processing the videos for total sutures (see Table 6.1), there are 1.1% images that have

false or overlapped detections. Under the circumstances, the detection with the largest confidence

will be considered as the dominant hand.

7.2 Results of hand roll angle and velocity estimation

7.2.1 Comparing the sizes of algorithms

Table 7.2 shows the number of parameters in the hand roll estimation algorithms. Since the

algorithms are trained via the transfer learning techniques, only a portion of the parameters (i.e.,

the trainable parameters) are updated during the training process.

CNN
(FC)

CNN
(conv+FC)

CNN
(step)

CRNN
(angle)

(many-to-one)

CRNN
(angle)

(many-to-many)

CRNN
(angle & vel)
(many-to-one)

CRNN
(angle & vel)

(many-to-many)

parameters 24,624K 24,624K 24,624K 24,646K 24,646K 24,647K 24,647K
trainable
parameters

1,116K 23,179K 23,179K 22K 22K 23K 23K

Table 7.2: Comparing the size of algorithms

As shown in Table 7.2, the seven hand roll estimation algorithms have similar numbers of

parameters because the backbone network is the major portion of those algorithms. The number of

trainable parameters, however, is significantly larger in the CNNs than in the CRNNs. Recall that

the CRNNs include the parameters in CNN(conv+FC), which are non-trainable when training the

CRNNs.

Notice that CRNN (many-to-one) and CRNN (many-to-many) have the same number of
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parameters even though CRNN (many-to-one) has fewer outputs than CRNN (many-to-many). Since

CRNN (many-to-many) uses identical output branches at each time step, increasing the number of

outputs does not increase the parameters of CRNN (many-to-many).

7.2.2 Results and discussion of hand roll angle estimation on test data

7.2.2.1 Performance on the test set

Table 7.3 shows the mean absolute errors (MAE) of the hand roll estimation algorithms

when processing the test set. Specifically, the second row in Table 7.3 is the MAE in the cos-sin

representation, which is the original algorithm output. In comparison, the third row in Table 7.3 is

the MAE in the Euler angle representation, which is converted from the original algorithm output

and constrained in [−pi, pi] (see (6.12) in Subsection 6.4.1.2). Since the Euler angle representation

provides an intuitive interpretation of roll angle estimation accuracy, the roll angle estimation error is

reported in the Euler angle representation hereafter. Table 7.3 also shows the roll velocity estimation

error of CRNN (angle & vel) when processing the test set.

CNN
(FC)

CNN
(conv+FC)

CNN
(step)

CRNN
(angle)

(many-to-one)

CRNN
(angle)

(many-to-many)

CRNN
(angle & vel)
(many-to-one)

CRNN
(angle & vel)

(many-to-many)

Test error
(Roll angle)
(cos-sin)

0.07 0.02 0.02 0.04 0.04 0.05 0.05

Test error
(Roll angle)

(Unit: degree)
5.89 1.97 2.15 2.86 3.08 3.63 3.28

Test error
(Roll velocity)
(Unit: rad/s)

N/A N/A N/A N/A N/A 0.54 0.52

Table 7.3: Algorithm performance on the test set. The smallest roll angle estimation error is
highlighted in bold

Table 7.3 shows that CNNs have smaller errors than CRNNs when estimating the roll angle

in the test set. Among the three CNNs, CNN (conv+FC) has the smallest roll angle estimation error.

For the four CRNNs, CRNN(angle)(many-to-one) has the smallest roll angle estimation error. Notice

that increasing the number of outputs from many-to-one to many-to-many does not have a noticeable

effect on the CRNN test errors. Also, Table 7.3 shows that CRNN(angle & vel)(many-to-one) and

CRNN(angle & vel)(many-to-many) have similar errors for roll velocity estimation.
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7.2.2.2 Performance on the test videos (Location D)

Table 7.4 summarizes the MAE of roll angle estimation for the six videos, which are from

the location collecting the hand roll estimation dataset (i.e., Location D). The six videos include

two videos from two medical students, two videos from a resident surgeon, and two videos from an

attending surgeon. For each of the two videos, one records suturing at the surface condition (see Fig.

2.3(d)), while the other records suturing at the depth condition (see Fig. 2.3(e)). Each number in

Table 7.4 is the average error of the 12 sutures in a single video. Also, Table 7.4 shows the average

error of the six videos in the far-right column. In each column of the table, the smallest value is

highlighted in bold.

The six videos in Table 7.4 are excluded from the hand roll estimation dataset. but the

participants in Table 7.4 have been included in the hand roll estimation dataset. This is because

each participant has 4 videos, so a participant might have videos in the hand roll estimation dataset

and have videos in Table 7.4.

Student
(surface)

Student
(depth)

Resident
(surface)

Resident
(depth)

Attending
(surface)

Attending
(depth)

Average

CNN
(FC)

16.7 9.37 8.24 11.59 11.51 9.01 11.07

CNN
(conv+FC)

7.14 4.18 4.9 5.19 7.52 6.15 5.85

CNN
(step)

7.05 4.27 4.6 5.1 7.16 5.2 5.56

CRNN
(angle)

(many-to-one)
7.56 4.26 4.8 6.17 5.72 4.82 5.56

CRNN
(angle)

(many-to-many)
7.82 4.24 6.16 6.99 5.51 4.43 5.86

CRNN
(angle & vel)
(many-to-one)

7.94 3.95 6.09 7.39 5.58 4.74 5.95

CRNN
(angle & vel)

(many-to-many)
8.11 4.21 4.87 7 5.39 4.83 5.74

Table 7.4: MAE for roll angle estimation (Unit: degree). The six videos are from Location D,
which is for collecting the hand roll estimation dataset. For each column, the smallest number is
highlighted in bold.

By comparing the errors in the test videos from Location D (Table 7.4) and the errors in the
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test set (Table 7.3), it is noticeable that the algorithms have larger errors in the test videos. Since

the test set and the training set are generated from the same videos, the test set and the training set

have similar images, which consequently makes the algorithms have high performance on the test set.

From the far-right column at Table 7.4, it is noticeable that CNN(step) and CRNN(angle)(many-to-

one) have the smallest roll angle estimation errors, followed by CRNN(angle & vel)(many-to-many).

Also, Table 7.4 shows that all algorithms have the largest error when processing the video of the

medical student suturing at the surface condition, as the participant was unfamiliar with the suturing

procedure and had abnormal hand motion during the suturing task.

7.2.2.3 Performance on the test videos (Location C)

Table 7.5 shows the MAE of roll angle estimation for the six videos from Location C, which

is not for collecting the hand roll estimation dataset. The six videos include two videos from a

medical student, two videos from a resident surgeon, and two videos from an attending surgeon. For

each of the two videos, one records suturing at the surface condition (see Fig. 2.3(d)), while the

other records suturing at the depth condition (see Fig. 2.3(e)). Notice that Table 7.5 and Table 7.4

arrange the rows and columns in the same order. Table 7.5 also averages the errors of 12 sutures in

each video and highlights the smallest value in each column in bold.

The six videos in Table 7.5 are excluded from the hand roll estimation dataset. Also,

participants for the six videos are different from participants in the hand roll estimation dataset.

Compared with the errors in the test set (Table 7.3) and the errors in the test videos

from Location D (Table 7.4), the algorithms have the largest estimation errors in the test videos at

Location C (Table 7.5). Since the videos in Table 7.5 are not from the location for collecting the hand

roll estimation dataset, the results in Table 7.5 indicate the robustness of the algorithms. Specifically,

the far-right column in Table 7.5 shows that CNN(conv+FC) has the smallest roll angle estimation

errors, followed by CNN(step) and CRNN(angle)(many-to-one). Also, it should be noticed that 6

out of the 7 algorithms have the largest errors when processing the video of the resident surgeon

suturing at the depth condition. In the video, the resident surgeon’s hand is at the vertical direction

(see Fig. 7.5) multiple times, causing the IMU to have gimbal lock and to have inaccurate roll angle

measurement. This phenomenon will be explained in detail later. Like Table 7.3 and Table 7.4, the

roll estimation errors in Table 7.5 increase slightly when adding the roll velocity output branch to

the CRNNs.
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Student
(surface)

Student
(depth)

Resident
(surface)

Resident
(depth)

Attending
(surface)

Attending
(depth)

Average

CNN
(FC)

10.79 9.79 17.47 16.79 9.43 15.75 13.34

CNN
(conv+FC)

4.92 3.7 8.06 10.42 5.98 5.43 6.42

CNN
(step)

5.16 3.59 7.96 10.51 6.55 5.35 6.52

CRNN
(angle)

(many-to-one)
4.98 3.88 8.43 12.12 5.58 5.27 6.71

CRNN
(angle)

(many-to-many)
4.79 4.12 8.19 12.41 5.8 4.96 6.71

CRNN
(angle & vel)
(many-to-one)

5.21 4.1 9.51 13.23 6.56 6.07 7.45

CRNN
(angle & vel)

(many-to-many)
4.96 3.94 9.57 13.69 5.91 5.48 7.26

Table 7.5: MAE for roll angle estimation (Unit: degree). The six videos are from Location C,
which is NOT for collecting the hand roll estimation dataset. For each column, the smallest value
is highlighted in bold.

7.2.2.4 Visualizing roll angle estimation accuracy

Fig. 7.3 compares the ground-truth (GT) roll angles and the algorithm output for two

sutures in a frame-by-frame manner. In Fig. 7.3, CNN, MM, and MO denote the outputs of

CNN(conv+FC), CRNN(angle)(many-to-many), and CRNN(angle)(many-to-one), respectively. Also,

the legend shows the MAE of the algorithms at the suture, while the cyan vertical lines refer to the

needle entry/exit time at the suture. Notice that Fig. 7.3(a) is for the attending surgeon’s first

suture at the surface condition. The corresponding video is used in the sixth column in Table 7.5.

In comparison, Fig. 7.3(b) is for the resident surgeon’s first suture at the depth condition. The

corresponding video is used in the fifth column in Table 7.5.

As shown in Fig. 7.3, the ground-truth roll angles have the same pattern as the outputs of the

three algorithms, indicating that the hand roll angle estimation algorithms are capable of estimating

the hand roll angle. Compared with CRNN(angle)(many-to-many) and CRNN(angle)(many-to-

one), CNN(conv+FC) has less estimation error in Fig. 7.3. It should also be noted that there exists

a gap between the algorithm outputs and the ground-truth data, and the magnitude of the gap
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(a)

(b)

Figure 7.3: Hand roll angle estimation for (a) a suture at the surface condition and (b) a suture
at the depth condition. GT, CNN, MM, and MO refer to ground-truth data, CNN(conv+FC),
CRNN(angle)(many-to-many), and CRNN(angle)(many-to-one), respectively. MAE for each algo-
rithm is shown in the legend, while the cyan vertical lines denote the frame numbers corresponding
to the needle entry/exit time.

changes over time. This bias, rather than frame-to-frame noise, is the majority of the hand roll

angle estimation error. One reason for bias is the camera orientation varied slightly between trials

and locations, which limits the algorithms from learning precise hand roll angles. For future data

collection, the camera orientation will be rigidly fixed.

7.2.2.5 Visualizing hand motion causing large roll angle estimation errors

Fig. 7.4 and 7.5 demonstrate two situations causing the algorithms to have large roll angle

estimation errors. Specifically, Fig. 7.4 shows the estimation results when the participant’s suturing

hand is partially out of the camera view, which happens at the third suture of the attending surgeon’s

surface video (i.e., the video for the sixth column in Table 7.5). In comparison, Fig. 7.5 shows
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Frame number

Frame number: 1813

Dominant hand 0.95

Figure 7.4: Hand roll angle estimation when the suturing hand is partially out of the camera view.
The magenta vertical line denotes the frame number for the video frame shown on the left, while
the cyan vertical lines denote the needle entry/exit time. The hand detection result of YOLOv7 is
denoted by a blue rectangle in the video frame.

estimation results when gimbal lock occurs, which happens at the eleventh suture of the resident

surgeon’s depth video (i.e., the video for the fifth column in Table 7.5). To verify the reason for

large estimation errors, Fig. 7.4 and 7.5 show YOLOv7 hand detection results by a blue rectangle

in the video frame. The estimated roll angles corresponding to the video frame are highlighted by

the magenta vertical line. Note that Fig. 7.4 and 7.5 use the same notations as in Fig. 7.3.

As shown in Fig. 7.4, CRNN(angle)(many-to-many) and CRNN(angle)(many-to-one) have

smaller estimation errors than CNN (conv+FC) when the video frame only includes a portion of the

dominant hand. Thanks to the LSTM layer, CRNNs estimate the current roll angle based on the

current and the previous video frames, so they are less likely to be affected by problematic images.

In contrast, CNNs estimate the current roll angle based on the current video frame only, so they

are sensitive to the image quality. The out-of-view images, however, are negligible when calculating

the motion-based metrics for suturing skill assessment [76], as the metric calculation ends when the
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Frame number

Frame number: 6084 

Dominant hand: 0.99
Dominant hand: 0.83

Figure 7.5: Hand roll angle estimation when gimbal lock occurs. The magenta vertical line denotes
the frame number for the video frame shown on the left, while the cyan vertical lines denote the
needle entry/exit time. The hand detection result of YOLOv7 is denoted by blue rectangles in the
video frame.

needle leaves the membrane. By inspecting Fig. 7.4, it is noticeable that the out-of-view image

happens after the cyan vertical line, which denotes the instant of needle leaving the membrane.

Fig. 7.5 compares the ground-truth and the estimated hand roll angle when gimbal lock

occurs. In the IMU configuration, gimbal lock occurs when roll axis aligns with yaw axis, or pitch

≈ 90◦. From the video frame, it is noticeable that the participant’s dominant hand is pointing

downward (i.e., pitch ≈ 90◦ shown in the pitch angle figure). Since the IMU roll and yaw axes are

aligned at gimbal lock, the roll and yaw angles are coupled. Specifically, at the time indicated by

the magenta line, the IMU roll angle is approximately −150◦, but −150◦ represents the participant’s

palm facing upward when there is no gimbal lock. Therefore, it is surmised that the large estimated

error at gimbal lock is due to the coupled roll and yaw angles.
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7.2.3 Results and discussion of hand roll velocity estimation on test

videos

Student
(surface)

Student
(depth)

Resident
(surface)

Resident
(depth)

Attending
(surface)

Attending
(depth)

Average

CRNN
(angle & vel)
(many-to-one)

0.54 0.39 0.8 0.71 0.57 0.38 0.57

CRNN
(angle & vel)

(many-to-many)
0.52 0.39 0.77 0.72 0.54 0.37 0.55

Table 7.6: MAE for roll velocity estimation (Unit: rad/s). The six videos are from Location D,
which is for collecting the hand roll estimation dataset.

Student
(surface)

Student
(depth)

Resident
(surface)

Resident
(depth)

Attending
(surface)

Attending
(depth)

Average

CRNN
(angle & vel)
(many-to-one)

0.63 0.49 0.77 0.7 0.63 0.72 0.66

CRNN
(angle & vel)

(many-to-many)
0.62 0.47 0.76 0.69 0.63 0.71 0.65

Table 7.7: MAE for roll velocity estimation (Unit: rad/s). The six videos are from Location C,
which is NOT for collecting the hand roll estimation dataset.

Table 7.6 and 7.7 show the MAE of roll velocity estimated by CRNN(angle & vel). Specif-

ically, Table 7.6 is for the six videos collected at Location D, which is for collecting the hand roll

estimation dataset. In comparison, Table 7.7 is for the six videos collected at Location C, which

is not for collecting the hand roll estimation dataset. The two tables arrange the columns in the

same order as the tables for roll angle estimation errors (e.g., Table 7.4). Each number in the

two tables is the average error of the 12 sutures in a single video. For simplicity, CRNN(angle &

vel)(many-to-one) is denoted by MO, and CRNN(angle & vel)(many-to-many) is denoted by MM

in this section.

As shown in the table for estimation errors on the test set (Table 7.3) and the tables for

roll velocity estimation errors on the test videos (Table 7.6 and 7.7), MO and MM have similar

performance for roll velocity estimation. By comparing Table 7.6 and 7.7, it is noticeable that the

CRNNs have slightly better performance on the videos at Location D than at Location C. One
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(a)

(b)

Figure 7.6: Hand roll velocity estimation for (a) a suture at the surface condition and (b) a suture
at the depth condition. GT, MM, and MO refer to ground-truth data, CRNN(angle & vel)(many-
to-many), and CRNN(angle & vel)(many-to-one), respectively. MAE for each algorithm is shown
in the legend, while the cyan vertical lines denote the frame numbers corresponding to the needle
entry/exit time.

reason is the videos in Table 7.6 are more similar to the hand roll estimation dataset than the videos

in Table 7.7. Note that this phenomenon also exists when examining the hand roll angle estimation

algorithms.

Fig. 7.6 visualizes the ground-truth (GT), MO, and MM roll velocity for two sutures in a

frame-by-frame manner. Specifically, Fig. 7.6(a) corresponds to the suture in Fig. 7.3(a), which is

the attending surgeon’s first suture at the surface condition. In comparison, Fig. 7.6(b) corresponds

to the suture in Fig. 7.3(b), which is the resident surgeon’s first suture at the depth condition.

The MAE of the algorithms is shown in the legend, while the cyan vertical lines refer to the needle

entry/exit time for each suture.

From Fig. 7.6, it is noticeable that the ground-truth, MO, and MM roll velocity have similar
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patterns, but MO and MM roll velocity are inaccurate. Specifically, the ground-truth data does not

align with the MO or MM output when the magnitude of the ground-truth velocity is small (see the

region from Frame 370 to Frame 430 in Fig. 7.6(a)). Worse, the sign of the MO and MM output is

opposite to the sign of the ground-truth values at times (see the region from Frame 460 to Frame

480 in Fig. 7.6(b)).

7.2.4 Results and discussion of roll angle estimation errors on the entire

dataset

Recall that only a portion of data at Location D is used to train and test the hand roll angle

estimation algorithms. Based on the results shown in Table 7.5, it is noticeable that CNN(conv+FC)

has the smallest roll angle estimation errors in the 6 test videos. Thus, CNN(conv+FC) is then used

to estimate hand roll angles at the 5 locations. For simplicity, the CNN(conv+FC) estimated angle

is abbreviated as CNN angle in this section. The MAE for CNN angle per location are shown in

Table 7.8.

# sutures # images CNN(conv+FC)
(surface)

CNN(conv+FC)
(depth)

Location A 331 75k 10.02◦ 10.66◦

Location B 1009 235k 7.18◦ 12.97◦

Location C 937 200k 6.48◦ 8.03◦

Location D 389 57k 7.07◦ 11.35◦

Location E 505 189k 11.39◦ 22.43◦

Table 7.8: MAE for CNN angle at the 5 locations

As shown in Table 7.8, CNN(conv+FC) has similar roll angle estimation errors at Locations

A-D. Since only Location D was used to generate the hand roll estimation dataset, these results

indicate CNN(conv+FC) performance is robust to environmental variations. Among the 5 locations,

Location E has the largest errors for CNN angle. One reason is the camera orientation is noticeably

different at Location E compared with other locations (see Fig. 6.3), which leads to bias in the roll

estimation. Another reason is the participants at Location E were novices who had little suturing

experience, so they had suturing behavior and hand movements that rarely occurred in the hand

roll estimation dataset. Also, Table 7.8 shows that the errors of CNN angle are larger at depth than

at surface conditions. One reason is the participants’ hands are more likely to have a large pitch
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angle when suturing at depth, causing the IMU to experience gimbal lock and to have undesirable

roll measurements (see Section 7.2.2.5).

7.3 Results and discussion of hand-roll metrics

For the metrics calculated from ground-truth roll angles and those calculated from CNN

(conv+FC) estimated roll angles, one-way ANOVA shows that the expert, intermediate, and novice

groups have significantly different means at both surface and depth conditions. Also, Levene’s

test shows that the metrics have different variances among the three groups at the two conditions.

For simplicity, the ground-truth roll angle is abbreviated as GT angle, and the CNN(conv+FC)

estimated roll angle is abbreviated as CNN angle in this section.

(a) (b) (c)

(d) (e)

Surface

Depth

y=0

E: Expert group

I: Intermediate group
N: Novice group

Figure 7.7: Confidence intervals for the five hand-roll metrics calculated using GT angles. Each
sub-figure shows pairwise comparisons of experts versus intermediates (E-I), experts versus novices
(E-N), and intermediates versus novices (I-N). For each pairwise comparison, surface and depth
conditions are shown separately.

Fig. 7.7 is the confidence interval of the metrics calculated from GT angles, while Fig. 7.8

is the confidence interval of the metrics calculated from CNN angles. In Fig. 7.7 and 7.8, each sub-
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(a) (b) (c)

(d) (e)

Surface

Depth

y=0

E: Expert group

I: Intermediate group
N: Novice group

Figure 7.8: Confidence intervals for the five hand-roll metrics calculated using CNN angles. Each
sub-figure shows pairwise comparisons of experts versus intermediates (E-I), experts versus novices
(E-N), and intermediates versus novices (I-N). For each pairwise comparison, surface and depth
conditions are shown separately.

figure shows the comparisons of experts versus intermediates (E-I), experts versus novices (E-N),

and intermediates versus novices (I-N) for a specific metric. The comparisons are made separately

for surface and depth conditions. The confidence interval denotes the range of likely differences

between the two group means. Therefore, if a confidence interval does not cross zero, indicated by

the red dashed line, then the null hypothesis is rejected. In other words, if zero is not in a confidence

interval, there is a statistically significant difference between the mean of the two groups. Detailed

statistical analyses for the metrics of GT angles are summarized in Table 2 in Appendix C, while

the statistical analyses for the metrics of CNN angles are summarized in Table 3 in Appendix C.

Fig. 7.7 and 7.8 show that the novice group has significantly different means from the other

two groups when the metrics are calculated from GT angles or from CNN angles. Moreover, Fig. 7.7

and 7.8 show that intermediate and expert groups have significant mean differences at the surface

condition for Number of rolls, LDLJ, and SPARC calculated from GT angles and from CNN angles.
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It indicates CNN angles have similar performance as GT angles for surgical suturing skill assessment.

Compared with the results in [76], Fig. 7.7 shows that Average roll and Median vel

calculated from GT angles have decreased effectiveness. One reason is that Average roll and

Median vel in Fig. 7.7 are calculated based on IMU roll angles, but the metrics in [76] are calculated

from IMU roll velocity that is free from gimbal lock. Also, Section 7.2.2.5 shows that gimbal lock

hinders CNN(conv+FC) from learning proper hand roll angles, causing Average roll and Median

vel calculated from CNN angles become less effective than the results in [76].

Fig. 7.9 shows the boxplots for the metrics calculated from GT angles, while Fig. 7.10

shows the boxplots for the metrics calculated from CNN angles. For the boxplots, values for the

three groups are presented at surface and depth conditions separately. The boxplots also include

the mean metric values for each group. Extreme outliers are not shown in the boxplots to avoid

cluttering the figures.

(a) (b) (c)

(d) (e)

Surface

Depth

*: Mean
E: Expert group

I: Intermediate group

N: Novice group

Median

Figure 7.9: Boxplots of the five hand-roll metrics calculated using GT angles. Each sub-figure
presents the outputs of a single metric, separated into three groups, at surface and depth conditions.
The extreme outliers are not shown in the boxplots.

Fig. 7.9 and 7.10 show that Number of rolls calculated from GT angles and Number of
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(a) (b) (c)

(d) (e)

Surface

Depth

*: Mean
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I: Intermediate group

N: Novice group

Median

Figure 7.10: Boxplots of the five hand-roll metrics calculated using CNN angles. Each sub-figure
presents the outputs of a single metric, separated into three groups, at surface and depth conditions.
The extreme outliers are not shown in the boxplots.

rolls calculated from CNN angles have the smallest mean in the expert group, followed by the

intermediate group and the novice group at the surface condition, which supports the hypothesis

that Number of rolls decreases as participants’ suturing skills increase. Also, Fig. 7.9 and 7.10

show that LDLJ and SPARC of GT angles and CNN angles have the largest mean in the expert group,

followed by the intermediate group and the novice group at the surface condition. This observation

supports the hypothesis that the values of LDLJ and SPARC are proportional to participants’ suturing

skills.
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Chapter 8

Conclusion and future work

8.0.1 Conclusion

This thesis presents the software and hardware improvement of a surgical suturing simulator,

which is developed based on the FVS clock-face model. The improved simulator allows the collection

of reliable data at multiple locations. The dataset, including 97 participants, is constructed by sensor

measurement from 2 cameras, 2 IMUs, a force sensor, and an electromagnetic motion tracker. For

the two cameras, one records videos with needle motion, the other records videos with hand motion.

To examine if the videos with needle motion can be used for suturing skill assessment, eight

image-based metrics are used to analyze the videos. Statistical analysis shows that all the image-

based metrics have statistical mean differences between novice and surgeon groups. Moreover, using

the depth constraint, 7 out of the 8 metrics have significantly different means between resident

surgeon and attending surgeon groups. This suggests that the eight image-based metrics are capable

of suturing skill evaluation. For the 8 metrics, the ones measuring needle lateral motion during

a suture (SweptArea, SwayLen, Range(NAngle), AVG(NAngle), and Range(TipOrth)) outperform

TipPathLen, which measures the needle trajectory during a suture. Also, the improved suture

phase segmentation allows segmenting data at a specific suture phase, which enables to create

new metrics for suturing skill assessment. Specifically, RemovalTime, calculated based on the suture

phase segmentation, has significant mean differences among the three groups, whereas the duration of

sutures fails to show significantly different means among the three groups. Further, this dissertation

introduces ROC curves to examine the classification performance of the metrics. Results show
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that SweptArea has the highest classification accuracy between novice and expert groups, while

TipPathLen has the highest classification accuracy between novice and intermediate groups.

To examine if the videos with hand motion can be used for suturing skill assessment, a

hand detection algorithm is used to localize participants’ hands in video frames. The cropped hand

images are then processed by a hand roll estimation algorithm. The result shows that the hand

roll estimation algorithm has consistent performance in different environments. Also, the hand-

roll metrics calculated based on the algorithm output have similar statistical results as the hand-

roll metrics calculated based on the IMU measurement. Specifically, 4 out of the 5 metrics have

significant mean differences between novice and surgeon groups. Moreover, 3 out of the 5 metrics

have significantly different means between resident surgeon and attending surgeon groups at the

surface condition. This suggests that metrics calculated from neural network estimates of hand roll

can be used for suturing skill assessment. The proposed hand detection and hand roll estimation

algorithms enable rotational motion analysis of the hand without the need to attach sensors to

clinicians and therefore eliminates any physical interference with their performance. Subsequently,

this method of hand motion analysis paves the way for intra-operative surgical skill assessment, as

visual tracking is non-contact and circumvents typical sterility issues.

8.0.2 Future work

SutureCoach still has some limitations. First, participants’ actual suturing skills are approx-

imated by their clinical standing. Furthermore, the membrane material caused the image-processing

program to have several problematic detections. In the future, participants’ ground-truth suturing

skills will be determined by several objective skill assessments. Also, other materials will be inves-

tigated for making the membrane. Moreover, we will evaluate participants’ skill levels by fitting

multiple metrics into a linear model, which helps to discover the optimal combination of metrics for

surgical suturing skill assessment. We hope that these improvements will allow SutureCoach to be

used in medical schools to assist with surgical suturing education.

For the hand roll estimation algorithm, one limitation is that the estimated errors increased

when gimbal lock occurred or the hand was out of camera view. Another limitation pertained to how

we collected the data for this study, as inconsistent camera orientation adversely affected our results.

To overcome these limitations, the camera’s field of view will be extended in the future, and the

camera location will be secured on SutureCoach. Also, the IMU will be set to use rotation matrices
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rather than Euler angles while recording and outputting 3D orientation, as rotation matrices are

free from gimbal lock.

The ultimate goal of the deep-learning algorithms is to allow surgical suturing skill assess-

ment in operating rooms. To achieve the goal, the hand detection and the hand roll estimation

algorithm will be integrated into SutureCoach to examine if the two algorithms can be used for

real-time hand roll estimation. Also, the two algorithms will be retrained by a new dataset that has

the original camera orientation and without the appearance of the orange IMU. Since the original

camera orientation can be used as a reference, this dataset will enable the hand roll estimation

algorithm to estimate the 3D orientation of the hand. The dataset also eliminates the visual hint

due to the color and shape of the IMU.
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Appendix B Statistical analysis for metrics for needle mo-

tion

Table 1 shows the mean difference, standard error, and p-value for the 8 metrics at surface

and depth conditions. The pairwise comparison with p < 0.05 is highlighted in bold.

Table 1: Pairwise comparisons among the three groups (mean difference (standard error, p-value))

conditions E vs. I E vs. N I vs. N

TipPathLen
Surface 0.72 (0.9, 0.4) -14.4 (2.1, <0.001) -15.2 (2.1, <0.001)

Depth 0.93 (1.8, 0.6) -32 (3.5, <0.001) -32.9 (3.4, <0.001)

SweptArea
Surface -1.23 (1.1, 0.24) -21.2 (1.6, <0.001) -20 (1.64, <0.001)

Depth -6.4 (1.5, <0.001) -36.1 (2.1, <0.001) -29.7 (2.1, <0.001)

SwayLen
Surface -0.04 (0.04, 0.26) -0.58 (0.05, <0.001) -0.54 (0.05, <0.001)

Depth -0.26 (0.05, <0.001) -0.86 (0.06, <0.001) -0.6 (0.06., <0.001)

StitchLen
Surface -0.38 (0.12, 0.001) -1.44 (0.13, <0.001) -1.06 (0.13, <0.001)

Depth -0.59 (0.12, <0.001) -1.64 (0.13, <0.001) -1.05 (0.13, <0.001)

Range(NAngle)
Surface -0.44 (1.28, 0.73) -16 (1.56, <0.001) -15.6 (1.56, <0.001)

Depth -5.49 (1.71, 0.001) -27 (2, <0.001) -21.5 (2, <0.001)

AVG(NAngle)
Surface -0.23 (0.31, 0.45) -3.86 (0.36, <0.001) -3.63 (0.37, <0.001)

Depth -3.11 (0.46, <0.001) -6.13 (0.5, <0.001) -3.02 (0.53, <0.001)

Range(TipOrth)
Surface 0.05 (0.09, 0.54) -1.41 (0.12, <0.001) -1.46 (0.12, <0.001)

Depth -0.6 (0.14, <0.001) -2.77 (0.17, <0.001) -2.17 (0.17, <0.001)

RemovalTime
Surface -0.29 (0.11, 0.009) -1.63 (0.14, <0.001) -1.33 (0.14, <0.001)

Depth -0.38 (0.11, <0.001) -1.86 (0.16, <0.001) -1.48 (0.17, <0.001)
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Appendix C Statistical analysis for metrics for hand motion

Table 2 shows the mean difference, standard error, and p-value for hand motion metrics

calculated from IMU roll angles. The results of surface and depth conditions are shown separately.

The pairwise comparison with p < 0.05 is highlighted in bold.

Table 2: Pairwise comparisons among the three groups (mean difference (standard error, p-value)).
The results are calculated based on IMU roll angles. Results with p < 0.05 are highlighted in bold.

conditions E vs. I E vs. N I vs. N

Number of rolls
Surface -2.14 (0.5, <0.001) -5.45 (0.67, <0.001) -3.31 (0.69, <0.001)

Depth -1.51 (0.57, 0.009) -5.34 (0.81, <0.001) -3.83 (0.86, <0.001)

Average rolls
Surface 3.67 (2.26, 0.11) -11 (3.32, <0.001) -14.7 (3.27, <0.001)

Depth -1.01 (2.39, 0.67) -23.66 (3.9, <0.001) -22.65 (4.08, <0.001)

LDLJ
Surface 0.53 (0.11, <0.001) 1.63 (0.11, <0.001) 1.1 (0.11, <0.001)

Depth 0.19 (0.11, 0.1) 1.26 (0.12, <0.001) 1.07 (0.12, <0.001)

SPARC
Surface 0.79 (0.32, 0.02) 3.61 (0.43, <0.001) 2.82 (0.45, <0.001)

Depth 0.45 (0.46, 0.32) 5.36 (0.7, <0.001) 4.91 (0.71, <0.001)

Median vel
Surface -2.44 (0.83, 0.003) 4.26 (0.84, <0.001) 6.71 (0.82, <0.001)

Depth -1.73 (0.88, 0.05) 6.1 (0.85, <0.001) 7.83 (0.84, <0.001)

Table 3 shows the mean difference, standard error, and p-value for hand motion metrics

calculated from CNN(conv+FC) estimated angles. The results of surface and depth conditions are

shown separately. The pairwise comparison with p < 0.05 is highlighted in bold.
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Table 3: Pairwise comparisons among the three groups (mean difference (standard error, p-value)).
The results are calculated based on CNN(conv+FC) estimated angles. Results with p < 0.05 are
highlighted in bold.

conditions E vs. I E vs. N I vs. N

Number of rolls
Surface -0.74 (0.32, 0.02) -4.31 (0.49, <0.001) -3.57 (0.5, <0.001)

Depth -0.51 (0.44, 0.25) -8.15 (0.82, <0.001) -7.64 (0.83, <0.001)

Average roll
Surface 3.6 (1.59, 0.024) -3.15 (2, 0.12) -6.74 (1.96, <0.001)

Depth 1.44 (1.41, 0.31) -9.1 (1.77, <0.001) -10.5 (1.73, <0.001)

LDLJ
Surface 0.29 (0.1, 0.005) 1.29 (0.11, <0.001) 1 (0.11, <0.001)

Depth 0.16 (0.11, 0.15) 1.29 (0.13, <0.001) 1.13 (0.13, <0.001)

SPARC
Surface 0.47 (0.22, 0.03) 3.15 (0.34, <0.001) 2.68 (0.35, <0.001)

Depth 0.12 (0.28, 0.66) 4.67 (0.53, <0.001) 4.55 (0.54, <0.001)

Median vel
Surface -1.59 (1.04, 0.124) 7.88 (1.02, <0.001) 9.47 (0.98, <0.001)

Depth -0.49 (1.04, 0.64) 5.81 (1.17, <0.001) 6.3 (1.14, <0.001)
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