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In robot-assisted surgery, engineering technologies are applied to augment surgeons’ ability

to conduct safer surgeries and achieve better treatment outcomes. To provide appropriate

assistance to the surgeons, the ability to understand surgical phases, and predict risks and

remaining procedures is an enabling technology for next-generation autonomous surgical

robots. Vision-based surgical instrument segmentation, which aims to identify instrument

regions in surgical images, is one important task that can provide instrument location infor-

mation to robotic systems. The potential uses of instrument segmentation results include

surgical workflow analysis, risk supervision and prediction, and surgical skill assessment.

Despite the wide range of potential applications of instrument segmentation, existing tech-

nologies are still not robust enough and lack generalizability when applied to highly dynamic

surgical environments. In this dissertation, we develop a convolutional neural network that

can aggregate video frame features temporally in a recurrent mode to achieve robust segmen-

tation. Moreover, we explore transfer learning technologies that can improve segmentation

performance on the target domains by leveraging knowledge learned from labeled source

domains. Finally, we conduct several pilot experiments on vision-based, automatic and ob-

jective surgical skill assessment.
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Chapter 1

INTRODUCTION

Over the past few decades, minimally invasive surgery and robotic-assisted surgery have

been revolutionizing the delivery of health care. These advanced technologies could bring

many benefits to patients, including smaller incisions, less pain and bleeding, better clinical

outcomes, and a shorter hospital stay [10, 83]. However, they also introduce challenges to the

surgeons. For example, in endoscopy, a tiny camera called the endoscope is inserted into the

body to provide a real-time view of the surgical site. The endoscope provides limited field-of-

view and reduced depth perception that impacts the surgeons’ eye-hand coordination ability

[9, 10]. Additionally, a limited sense of touch further reduces the information a surgeon can

get from the surgical site [107, 103]. Therefore, systems or robots that can understand the

current surgical status and provide appropriate assistance are highly needed.

Artificial intelligence (AI) and machine learning (ML) have been widely explored for var-

ious tasks in healthcare. There are still many unsolved problems that impede the application

of AI and ML to medical problems. More specifically, in this dissertation, we focus on vision-

based surgical instrument segmentation, an important task for computer and robotic-assisted

surgery, which aims to outline the instrument in surgical images. Despite the advanced seg-

mentation results obtained with state-of-the-art models, generalization ability is still limited.

Further, these models are not robust enough to highly dynamic surgical environments.

1.1 Vision-based Surgical Instrument Segmentation

1.1.1 Motivations

Surgical instrument segmentation is an important component of computer or robotic-assisted

surgery. Figure 1.1 shows some potential applications of instrument segmentation. By iden-
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Figure 1.1: Potential applications of surgical instrument segmentation. Note that some tasks
may require information besides instrument segmentation results.

tifying instruments through surgical videos, relative movements between the instrument and

the endoscope can be extracted. Besides vision-based methods, optical, ultrasonic, electro-

magnetic, and RFID systems have been explored and embedded in some surgical procedures

to track surgical instruments [10]. However, these systems are generally expensive, bulky,

and may restrict the surgeons’ movements [100]. Some tracking data can be missing due to

inherent technology limits, for example, optical tracking systems require the markers to be

in the light-of-sight of the camera [100]. In contrast, vision-based methods are non-invasive

and do not require changes to current surgical workflows since videos are already well in-

tegrated with various surgical procedures. Also, since surgeons rely on videos to perform

surgeries, the instruments are almost always visible in videos during operations. Therefore,

vision-based instrument segmentation and tacking can be complementary or alternation to

other tracking systems. For robotic surgery, the vision-based segmentation results could be

combined with kinematic data to achieve more accurate tracking [4, 96]. On the other hand,

instrument type is another information that could be extracted through instrument segmen-

tation. While our current focus is image region segmentation, we will explore methods to

identify instrument types in the future.

To provide appropriate assistance to surgeons or perform surgical tasks autonomously,
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intelligent systems or robots should be able to understand surgery procedures, be aware of

surgeons’ operation quality, as well as identify potential risks. Knowing the relative location

between instruments and important anatomical structures could allow the system to guide

the surgeons, detect potential risks and inform surgeons, and allow robots to autonomously

manipulate the instrument accurately. Moreover, both the instrument and background re-

gions in the videos reveal the surgical skill level: the instrument regions in the videos are

related to the relative movements between the instrument and the camera (e.g., endoscope),

while the background reveals the surgical procedure and the movements of the camera. The

instrument segmentation results could be used to guide advanced algorithms to identify dif-

ferent clues related to skill levels. Further, the use of certain instrument types indicates the

surgical skill level and is related to different surgical phases [58].

1.1.2 Existing work and Challenges

Figure 1.2: Schematic of
the encoder-decoder architec-
ture with skip connections.

According to the review paper [10], methods to detect in-

struments can be roughly classified into two types, marker-

based and marker-less. Marker-based methods use mark-

ers attached to instruments to assist detection. Common

marker-based methods include optical, ultrasound, electro-

magnetic, and RFID tracking [10, 100], which have been

discussed in Section seg-motivation. In this work, we fo-

cus on marker-less instrument segmentation methods which

require no modifications of existing surgical instruments.

Traditional machine learning methods such as random for-

est have been used based on hand-crafted features including color, texture, and gradient

information [7, 10, 11]. Since FCN and U-Net were proposed in 2015 [81, 102], the encoder-

decoder architecture with skip connections to fuse the features extracted by the encoder with

the decoder (see Figure 1.2) has achieved cutting-edge segmentation results on the surgical

instrument segmentation task [39, 17, 53, 18, 106, 55, 90, 97, 3, 2]. Researchers have mod-
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ified network architectures to obtain better feature representation by extracting and fusing

multi-scale context information [18, 77, 55, 97]. Training the segmentation network with

multiple related tasks at the same time has also been explored [55, 97, 39]. More recently,

the attention mechanisms that can guide the network to extract more relevant information

become more appealing [90, 91, 34].

Despite these efforts, existing technologies are still not robust enough to the presence

of challenging conditions in surgical images such as varying illumination, specular reflection

and blood (see details in Section 2). Moreover, due to highly dynamic surgical environments,

there is a large visual appearance diversity in images of different types of surgery and images

collected from different hospitals. Existing segmentation models usually do not generalize

well to different datasets, and labeling a large amount of training data is needed to improve

performance when dealing with a new dataset. Generalization ability is not a problem specific

to surgical instrument segmentation. Instead, transfer learning is a type of machine learning

that aims to improve performance on new tasks by leveraging knowledge learned from related

tasks. Transfer learning has attracted increasing attention for a wide range of tasks. In

this work, we explore a sub-field of transfer learning called domain adaptation to transfer

knowledge of the instrument segmentation task between different surgical datasets. Also,

since algorithm failure may lead to serious consequences in medical applications, improving

model generalization ability is essential.

1.2 Automatic and Objective Surgical Skill Assessment

1.2.1 Motivations

Currently, medical students are still trained under an apprenticeship model that has been

used for more than a century [16]. The students’ surgical skill level is rated by senior

surgeons, which is subjective and time-consuming [100, 1]. To standardize the evaluation

process, rating rubrics such as Objective Structured Assessment of Technical Skill (OSATS)

and Objective Structured Clinical Examination (OSCE) have been proposed [1, 66, 86].
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Students are evaluated with the scores of skill-related metrics in the rubrics, but this rating

method is still tedious and has a certain degree of subjectivity. Although increasing new

surgical technologies require medical students to acquire more skills, the existing evaluation

approaches are not efficient enough. To address this dilemma, automated and objective

surgical skill assessment methods are highly needed [40, 58].

The ability to analyze surgical skills will also benefit the development of surgical robots

that have a higher autonomy level, as briefly described in Section 1.1.1. Accurate skill

assessment could allow robots to provide more appropriate information and assistance to

surgeons. Also, surgical skill information has the potential to boost advanced machine learn-

ing technologies, such as reinforcement learning and imitation learning [50], that have shown

promising results in enabling robots to perform complex tasks. For instance, the skill infor-

mation could be considered when calculating feedbacks in reinforcement learning algorithms

for autonomous surgical robots. For imitation learning, the skill levels could be used to rank

demonstrations and potentially allow for performance better than demonstrations [13].

1.2.2 Existing work and Challenges

Most previous objective surgical skill assessment methods focus on extracting motion met-

rics such as average velocity and movement smoothness from the instrument’s movement

trajectories in the 3D space or videos [93, 47, 70, 37, 40]. The extracted metrics are then

used as features for skill level classifiers, or are used to conduct statistical analysis discrimi-

nating between surgical operations of different skill levels. Although promising results have

been achieved, there exist several problems that have not been addressed by these methods.

Most datasets explored in previous studies are based on dry labs [38], while skill evaluation

methods on real surgeries are also highly needed. As collecting such datasets is very costly

and time-consuming, the number of public datasets are limited, constraining researchers’

work and the development of this area. In this work, we develop and release a cadaveric

endoscopic sinus surgery dataset with skill levels labeled by three experts based on OSATS

to explore skill assessment on real surgeries (see Section 2.1.2). On the other hand, analyzing
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instrument movements without knowing how surgeons identify or modify certain anatomical

structures is far from enough [66]. Recently, there are several studies analyzed videos for

skill-related information besides instrument movement [29, 6, 111], but further studies are

needed.

1.3 Proposed Study

The contributions of this dissertation are:

• Develop an algorithm that leverages temporal information in surgical videos to achieve

robust instrument segmentation.

• Develop domain adaptation methods that allow models to be more generalizable.

• Conduct initial studies on objective surgical skill assessment for endoscopic sinus

surgery based on the segmentation results.

The rest of this dissertation is outlined as follows: Chapter 2 describes an endoscopic

surgical dataset named UW-Sinus-Surgery-C/L proposed in this work. In Chapter 3, we

propose a model that can achieve more robust segmentation by leveraging temporal infor-

mation between video frames. In Chapter 4, two domain adaptation works that aim to

translate model knowledge between different surgical datasets are presented. Next, some

initial studies on objective surgical skill assessment are presented in Chapter 5. Finally, a

summary of current results and discussions of future work are presented in Chapter 6.
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Chapter 2

DATASETS

2.1 Endoscopic Sinus Surgery Dataset: UW-Sinus-Surgery-C/L

Endoscopic sinus surgery is a surgical procedure of removing blockages in the natural drainage

pathways of the sinuses to prevent infection and restore their function [61]. In this operation,

the surgeon uses one hand to insert a tiny camera called endoscope into the nose to get a

real-time view of the surgical site, and use another hand to control the surgical instruments.

The endoscope provides limited field-of-view and reduced depth perception that impacts the

surgeons’ eye-hand coordination ability [9, 10]. Limited sense of touch further reduces the

information a surgeon can get from the surgical site [107, 103]. Additionally, sinuses are

located around many important anatomical structures such as brain and eyes, making this

operation more challenging [67]. Therefore, there is a high revision rate of about 20% often

due to incomplete surgery [15, 62]. Considering over 350,000 endoscopic sinus surgeries are

implemented in the United States annually [88], publicly available datasets are highly needed

for developing technologies that can assist surgeons to achieve better treatment outcomes.

2.1.1 Data Collection

In this work, we published a endoscopic sinus surgery dataset named UW-Sinus-Surgery-C/L,

which consists of a cadaver and a live endoscopic sinus surgery dataset [76].1 The benefits

of collecting the cadaver dataset besides the live dataset include: 1) many medical training

or study processes are conducted on cadavers, and 2) collecting data from cadavers allows

more flexible experiment settings. The cadaver dataset consists of 10, 5-23 minute cadaveric

1The dataset is available at https://digital.lib.washington.edu/researchworks/handle/1773/

45396.
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surgery videos with a resolution of 320×240. The live dataset consists of 3, 12-66 minute live

surgery videos with a resolution of 1920×1080. The surgeries were recorded at Harborview

Medical Center using a Stryker 1088 HD camera system and the Karl Storz Hopkins Ø4mm

0° endoscope. Besides, the location of the instrument and endoscope during the cadaverc

surgeries were recorded by the Medtronic Stealth Station S7 surgical navigation system.

2.1.2 Data Labeling

A total of 4345 frames were extracted with a sampling rate of 0.5 Hz from the cadaveric

videos. Similarly, a total of 4658 frames were extracted with a sampling rate of 1 Hz from

the live videos. Endoscopic frames have large black border regions that contain no useful

information, so we extracted the frame center regions and downscaled them to 240×240.

Some sample video frames are presented in Figure 2.1. The instrument regions were manually

labeled for the segmentation task.

To reduce bias caused by data split and evaluate the generalization ability of the proposed

models, we provided a 3-fold cross-validation setup: (1) Each fold of the cadaver dataset

consists of 3 to 4 videos. Specifically, the 10 videos in the cadaver dataset are split into the

following 3 folds: 4 videos (Procedure ID: 1, 2, 3, and 4) with 1323 labeled frames, 3 videos

(ID: 5, 6, and 7) with 1585 labeled frames, and 3 videos (ID: 8, 9, and 10) with 1437 labeled

frames. (2) For the live dataset, the 3 folds are the 1st video with 1154 labeled frames, the

2nd video with 2801 labeled frames, and the 3rd video with 703 labeled frames.

In the cadaver dataset, 5 videos were performed by senior surgeons and the remaining

5 videos were from residents. To further assist surgical skill assessment, the videos were

labeled by 3 experts based on a Objective Structured Assessment of Technical Skill (OSATS)

modified for rating surgeons’ performance in endoscopic sinus surgery [66]. The OSATS

consists of two groups of metrics: task specific checklist, and global rating. Each metric is

scored on a 1 to 5 scale and a higher score means better performance. The task specific

checklist focuses on skills presented in different steps during the surgery, and global rating

evaluates cognitive and procedural skills throughout the surgery. Because the surgical steps
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Figure 2.1: Examples of video frames in UW-Sinus-Surgery-C/L. The top row is from the
cadaveric surgery videos and the bottom row is from the live surgery videos. The instrument
contours are marked with green lines.

Figure 2.2: Examples of challenging video frames. Challenging conditions: (a-e) background
reflection on the instrument surface; (c) instrument in the shadow; (f-g) specular reflection;
(h-i) motion blur; (j) blood; (k) smoke; (l) bone; (m) titanium mesh; (n) gauze.

haven’t been labeled in our dataset and the anatomical information has not been included

in the proposed study on skill assessment, the analysis will be based on metrics of global

rating.

2.1.3 Challenging Conditions

The main difficulties of this dataset include background reflections on instrument surfaces,

specular reflections, blur from motion, blood and smoke. Figure 2.2 shows some examples of

challenging frames. In both cadaveric and live surgery videos, reflections make the instru-

ments have similar appearances to the background. In the live surgery videos, segmentation

becomes even harder with instruments colored by blood. The endoscope and instruments are
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usually handled at relatively low speeds during surgery, but senior surgeons who are more

familiar with the anatomies may move tools faster, especially when switching surgery sites.

The fast movements may lead to motion blur in video frames. Smoke generated when elec-

trocauteries are used can also make the instruments hard to identify. Further, background

objects like bone and gauze can be easily misclassified as instruments due to the colors they

have.
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Chapter 3

IMPROVING SEGMENTATION ROBUSTNESS WITH
TEMPORAL INFORMATION

Currently, using surgery videos provided by endoscopic imaging equipment to guide med-

ical treatment has become a common paradigm for many surgical interventions. As video-

assisted surgery becomes more integrated, there is an increasing interest in surgical video

analysis technologies. For the instrument segmentation task, videos contain instrument mo-

tion information that may help improve segmentation performance. As shown in Figure 2.2,

it can be hard even for human eyes to identify instrument regions in surgical images with

challenging conditions. When labeling some frames in the UW-Sinus-Surgery-C/L dataset,

we had to refer to adjacent frames to decide the instrument regions. Considering this situa-

tion, we propose a model that can leverage temporal information from adjacent video frames

for instrument segmentation.

3.1 Technologies for Analyzing Temporal Information

Recurrent Neural Networks (RNNs) are a typical type of networks for sequential data analysis

and have been successfully applied in natural language processing [19, 79]. RNNs model

temporal behaviors by recursively forwarding the previous states and using them together

with current inputs to decide the outputs [124]. Long Short Term Memory (LSTM) and

Gate Recurrent Unit (GRU) are two popular RNN architectures [124, 24]. RNNs have

been widely adopted in many video analysis tasks such as video captioning, summarization,

deblurring, achieving promising results [129, 128, 52, 89]. Additionally, 3D CNNs have

been applied for video classification tasks, such as gesture recognition and skill assessment

[127, 35, 36, 12]. In contrast, both RNNs and 3D CNNs have not been widely studied for
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image segmentation, although intuitively, segmentation tasks on video frames could benefit

from using temporal information. The complex gate mechanisms and the difficulty of training

limit the use of RNNs in image segmentation [78, 123]. Also, RNNs usually require relatively

long sequences for training, and this leads to a high computation burden, especially for

computer vision problems. For 3D CNNs, although achieving promising performance with

their rich spatiotemporal feature representation, they usually have more parameters and

higher computation costs than 2D CNNs. As an alternative solution, researchers proposed

to use spatial-temporal attention mechanisms to aggregate features from a few neighboring

frames [49]. Another promising approach is to propagate the segmentation of the previous

frame to assist segmentation on the current frame [118, 87].

Although deep learning has been successfully applied in surgical instrument segmentation

as discussed in Section 1.1, most existing models perform segmentation on a single frame

without leveraging the temporal information. Jin et al. proposed to propagate previous

segmentation results based on motion flow to achieve more robust segmentation performance

on the current frame [59]. Recently, spatial attention mechanisms that enhance feature

representation by exploring the dependencies between pixels or feature channels have been

explored for robust instrument segmentation [5, 90]. Although initial works have shown

promising results, studies that leverage temporal and spatial information for instrument

segmentation are still limited.

3.2 Multi-frame Feature Aggregation for Real-time Instrument Segmentation

In this work, we develop a Multi-frame Feature Aggregation (MFFA) module that aggregates

features temporally and spatially for improving segmentation robustness. Section 3.2.1 pro-

vides an overview of the proposed approach. The MFFA module can be flexibly combined

with general segmentation models that have an encoder-decoder architecture, allowing pass-

ing information from previous frames. The architecture of the MFFA module is described in

Section 3.2.3.

In many public datasets for surgical instrument segmentation [105, 76], frames are ex-
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Figure 3.1: Overview of the proposed model. The MFFA module is embedded between
the encoder (blue) and the decoder (green). The encoder-MFFA-decoder model works in a
recurrent mode and this figure illustrates the unrolled structure over time steps.

tracted from videos with a certain sub-sampling rate for labeling, so a frame sequence from

a surgical video usually has only one frame labeled. The sparsity of labeling may reduce the

model convergence speed, especially in the early phase of training. To compensate for the

lack of densely labeled real frame sequences, we initially investigate using synthetic sequences

with every frame labeled for training, as described in Section 3.2.4. Each synthetic sequence

consists of a real labeled frame and several frames synthesized based on this real frame.

3.2.1 Overview

Given an input sequence with N video frames X = {x1, x2, ..., xN}, where xi is the ith frame

in the sequence. yi is the corresponding ground truth segmentation map of xi when xi is

labeled. Our goal is to train a model that can estimate the corresponding segmentation

maps Y = {ỹ1, ỹ2, ..., ỹN}, where ỹi indicates the estimated “instrument” and “background”

regions of xi.

The proposed framework is shown in Figure 3.1. Instead of segmenting each frame sepa-

rately, we propose MFFA to aggregate features from the previous frame and pass the aggre-
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gated features to the next frame. MFFA is designed to combine with general segmentation

models that have an encoder-decoder architecture by inserting MFFA between the encoder

and the decoder. The feature maps fi from the encoder, the previous output of MFFA

hi−1, and the previous predicted segmentation mask ỹi−1 are input to MFFA to generate

aggregated feature maps hi. hi are then passed to the next frame and input to the decoder

for segmenting the current frame. Finally, the encoder generates a softmax output s̃i. The

segmentation mask ỹi is then calculated with argmax from s̃i.

Since MFFA is designed for general segmentation models, we demonstrate the proposed

method based on a popular segmentation model DeepLabV3+ [18, 105, 97] with two represen-

tative backbone feature extractors, ResNet50 [46] and MobileNet [48]. These two backbones

have been combined with different models and have achieved state-of-the-art performance in

many recent works on instrument segmentation [105, 90, 97, 3, 108].

Moreover, because the feature maps are propagated and aggregated through frame se-

quences that usually consist of frames with a similar appearance, the proposed method could

be considered as iterative feature aggregation. Therefore, we propose to use lightweight en-

coders to extract fi. More specifically, we use block 1 to block 3 of ResNet50 as its trimmed

version, named ResNet50-b3 [46]. We use the 1st to the 8th pointwise convolution of Mo-

bileNet as its trimmed version, named MobileNet-p8 [48].

3.2.2 Objective Functions

To train the proposed model, we extract real frame sequences from surgical videos. However,

as discussed at the beginning of Section 3.2, sparsely labeled real frame sequences might

reduce model training efficiency. Therefore, we propose a method that can generate synthetic

frame sequences with every frame labeled (see Section 3.2.4) to explore if the model can

benefit from training with densely labeled frame sequences. Specifically, we compare the

models obtained in two settings: i) Train the model with real frame sequences; ii) Train the

model with synthetic frame sequences in the first half of the training phase, and further train

the model with only real frame sequences in the second half of the training phase.
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For training, we calculate the cross-entropy loss to evaluate the segmentation performance

for every s̃i that has ground truth yi. After getting the one-hot encoding for yi as si, the

cross-entropy loss can be calculated as

LCE(si, s̃i) = − 1

M

∑
k

(si)k log(s̃i)k (3.1)

where M is the number of elements in the segmentation map, (si)k is the k-th element of si

and (s̃i)k is the k-th element of s̃i.

When the network is trained with synthetic frame sequences, we input the sequence both

forward and backward to the network and calculate the average cross-entropy loss of all

frames. The first frame in a sequence does not have features passed from a previous frame,

so only spatial feature aggregation can be performed on it (see Section 3.2.3). Therefore,

the segmentation results and the losses will be different when passing a sequence forward

and backward. To indicate whether a segmentation map is predicted with or without the

information from a previous frame, we change the symbol of the predicted softmax output

from s̃i to s̃ji . For a sequence of N frames, a j ∈ [1, N ] means the aggregated features of the

j-th frame are used; otherwise, the segmentation is obtained without temporal information.

Then the forward and backward average cross-entropy losses are given by

Lfw =
1

N

N∑
i=1

LCE(si, s̃
i−1
i ) (3.2)

Lbw =
1

N

1∑
i=N

LCE(si, s̃
i+1
i ) (3.3)

where N is the number of frames in a sequence. When the network is trained with real frame

sequences that have only the last frame labeled, we pass the sequence forward to the network

and evaluate the segmentation accuracy on the last image. We use Llast to represent this

loss and it is given by

Llast = LCE(sN , s̃
N−1
N ) (3.4)

Furthermore, when segmenting the first frame in a sequence during the training procedure,

the aggregated features from the previous frame are not available. While during testing,
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we pass the features through the whole video so most frames can be segmented based on

sufficient temporal priors, as described in Section 3.3.1. Since training with long frame

sequences may be impractical due to limited computation ability, it is important to ensure

the network can extract good enough features from the first frame, so that the network is

trained under closer situations to testing. Therefore, for each synthetic or real sequence,

we input its real, labeled frame into the model without previous features, and calculate the

cross-entropy loss L1st. Assume xk is the real labeled frame in a sequence, then we have

L1st = LCE(sk, s̃
0
k) (3.5)

Finally, when the synthetic sequences are used for training, the overall objective function

is given by

L = λ1Lfw + λ2Lbw + λ3L1st (3.6)

When the real sequences are used for training, the overall objective function is given by

L = λ4Llast + λ5L1st (3.7)

where λi are hyper-parameters that balance the impact of the losses. In this work, we choose

λ1 = λ2 = λ3 = 1
3

and λ4 = λ5 = 1
2
.

3.2.3 Multi-frame Feature Aggregation (MFFA) Module

The MFFA module consists of a Temporal Aggregation Block (TAB) and a Spatial Aggre-

gation Block (SAB) in series as shown in Figure 3.2. MFFA takes ỹi−1, hi−1 and fi as inputs

and outputs hi. In endoscopic sinus surgery, distinguishing instruments from the background

can be very challenging as shown Section 2.1.3. Because instrument locations are usually

close in neighboring video frames, in TAB, we emphasize the instrument features of fi by

aggregating with the instrument features of hi−1. The instrument features are extracted

by element-wise multiplication between the previous output yi−1 and hi−1. The extracted

previous instrument features and current features are then concatenated and passed to two

parallel 1x1 convolutions. One of the convolutions performs feature aggregation. The other
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Figure 3.2: Schematic of the proposed MFFA module. The MFFA module (purple) consists
of a Temporal Aggregation Block (gray) and a Spatial Aggregation Block (yellow).

convolution is followed by a sigmoid function to estimate the similarity between the previous

and current feature maps and give a 2D weight map that serves as a gate to regulate the

aggregated features. The aggregated features are then multiplied with the corresponding

weights and finally added by fi to generate f ′i as the output of TAB. When applying MFFA

to the first frame in a sequence, the previous output and features are not available, so we

skip TAB and directly input fi to SAB.

After temporal feature aggregation in TAB, the generated features f ′i is further aggregated

using SAB based on spatial relationships. SAB is partially inspired by the spatial self-

attention module [34] and Graph Attention Network (GAT) [82]. The input features of SAB

f ′i ∈ RH×W×C can be considered as a graph with H ×W vertices. First, we use part of the

spatial self-attention module to calculate a spatial attention matrix A ∈ R(H×W )×(H×W ) [34].

Specifically, f ′i is passed to two parallel 1×1 convolutions for generating two new feature
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maps {f ′i b, f ′i c} ∈ RH×W×C
2 , which are then reshaped to R(H×W )×C

2 . Next we transpose

f ′i c to RC
2
×(H×W ) and perform matrix multiplication between f ′i b and f ′i c to get the spatial

attention matrix A. Each element of A represents the similarity between the corresponding

vertices in graph f ′i . Then we reshape f ′i to f ′i a ∈ R(H×W )×C and aggregate the vertices

features using A through matrix multiplication. After that we use trainable parameters

w ∈ RC×C and bias b ∈ RC to get a refined features h′i. The expression of this process is

given by

h′i = Af ′i aw + b (3.8)

Next, we reshape h′i from R(H×W )×C to RH×W×C and further refine the features using a

ResNet module-like block as proposed in [126]. Specifically, h′i goes through a 1×1 convo-

lution and the softmax function to generate a coarse segmentation results s̃crs. Finally, the

output of SAB is obtained by

hi = h′i + Φ(h′i, s̃crs) (3.9)

where Φ(a, b) performs a and b concatenation followed by two 3×3 convolution filters in

series.

3.2.4 Synthetic Frame Sequence

We propose a method that can generate a synthetic frame sequence from a real labeled

frame. The proposed sequence synthesis method is developed based on the data augmen-

tation method introduced in [30]. In [30], the dataset was augmented by cropping and

randomly jittering the target objects in images. The holes left by the moved target objects

were then filled with an off-the-shelf inpainting method [112].

To add temporal information to the method of [30], we synthesize frame sequences for

training. Given a real frame x and its ground truth segmentation map y, our goal is to

generate a frame sequence with N labeled frames Z = {z1, z2, ..., zN}. We first put x to the

center of the target sequence, i.e. let zC = x where C = bN+1
2
c. For the instrument region

in the ith frame, we define its translations on the x and y-axis and the rotation with respect
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Figure 3.3: Examples of real and synthetic sequences. The top row shows two real sequences,
each has only one labeled frame, denoted by ‘L’ in its bottom right corner. The second row
shows the synthetic sequences generated from the corresponding labeled real frames in the
first row. The real frame that each synthetic sequence is generated from is denoted by ‘R’
in its bottom right corner, while other frames in the synthetic sequence are augmented from
the real frame. Refer to Section 2 for more information of the datasets.

to the instrument region in x as dxi, dyi and dθi, which are called moving parameters. Then

we generate the moving parameters for the first frame, i.e., dx0, dy0, dθ0, from a uniform

distribution (see Section 3.3.1 for more details). Next, we use linear interpolation to decide

the moving parameters of the other frames in the target sequence. Finally, the instruments

are cropped, rotated, and moved to the corresponding locations using the aforementioned

augmentation method to generate all synthetic frames that form the target sequence. We

also apply the same process with the same moving parameters on y to get the corresponding

labels. Figure 3.3 shows examples of synthetic frame sequences. Figure 3.3 also shows

the corresponding real frame sequences that include the real frames used to generate the

synthetic frame sequence.

3.3 Experiments and Results

We combined the proposed MFFA module with DeepLabV3+ (DL3+) [18] (abbreviated

as MFFA-DL3+) and compared with the original version of DeepLabV3+ [18] as baseline.

MFFA-DL3+ were also compared with advanced models that perform segmentation on single
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frames, including TernausNet [53], LWANet [90], and MAFA [97].

3.3.1 Implementation Details

The segmentation models were implemented on a 4.20GHz Intel i7-7700K CPU and a Nvidia

Titan Xp GPU.

Datasets

We conducted experiments on the UW-Sinus-Surgery-C/L dataset through 3-fold cross-

validation (see details in Section 2.1.2). We also evaluated the models on a public dataset

ROBUST-MIS [104, 85]. Because the labels of the test set are not available, we used the

training set of the proctocolectomy dataset in ROBUST-MIS for the binary segmentation

task. The proctocolectomy training set consists of 2943, 960×540 labeled frames sampled

from 8, 3-5 hour laparoscopic videos corresponding to 8 procedures. Similarly, we performed

3-fold cross-validation for evaluation. Based on the number of frames from each patient, we

split the given training data into the following 3 folds: 6 videos (Procedure ID: 1, 2, 3, 4, 5,

and 8) with 851 labeled frames, the video of Procedure 9 with 958 labeled frames, and the

video of Procedure 10 with 1134 labeled frames. In each of the three validations, we used

two folds for training and the remaining one fold for testing.

Instrument Segmentation Models

The segmentation models were implemented with or without the proposed MFFA module.

The backbones of all models were pre-trained on ImageNet [28]. MFFA was implemented

based on Figure 3.2 by setting C = 128 and adding a ReLU activation function at the output

of TAB and after all convolutions in SAB. For UW-Sinus-Surgery-C/L, we used the Adam

optimizer [63] to train each model with 40 epochs and 16 batch size. The learning rate was

initialized as 0.0005 and exponentially decayed every 5 epochs from the 20th epoch with a

decay rate of 0.5. To evaluate the models on ROBUST-MIS-proctocolectomy, we chose a
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batch size of 8 while keeping the epoch and learning rate settings the same.

When we trained the models without MFFA, we augmented the images by i) changing hue,

brightness, saturation and contrast; ii) flipping, rotation, scaling, and cropping. When using

UW-Sinus-Surgery-C/L, we cropped the frames to a resolution of 192×192 to accelerate

training, while the full images with a resolution of 240×240 were used for testing. For

ROBUST-MIS-proctocolectomy, the raw images were resized to 640×360 and kept in the

same size after augmentation; during testing, the raw images were resized to 640×360 for

inference, and then the output segmentation maps were resized back to 960×540 to evaluate

the performance. When we trained the models with MFFA, we implemented similar data

augmentation on the frame sequences. We jittered the appearance of every frame in the

sequences independently, while all frames in the same sequence shared the same parameters

for flipping, rotation, scaling, and cropping.

Additionally, on UW-Sinus-Surgery-C/L, we compared the models (with MFFA) that

were either: i) trained with real frame sequences or ii) trained with synthetic frame sequences

in the first 20 epochs and trained with real frame sequences in the last 20 epochs. Details of

these two training settings can be found in Section 3.2.2. The second setting is represented

with ‘Synth.’ in Table 3.1 and Table 3.3. For ROBUST-MIS-proctocolectomy, we only used

the real frame sequences for training.

Synthetic and Real Frame Sequence

Considering the available computation ability, we trained models with sequences of 4 frames.

To generate synthetic sequences, we need to specify the translations and rotation angles of

the instruments in the first frame with respect to the instrument in the labeled frame. The

translation values were randomly selected from a uniform distribution over 15 to 40 pixels on

both positive/negative x-axis and positive/negative y-axis directions. The rotation angles

were randomly selected from a uniform distribution over -40 to 40 degrees. The parameters

of these uniform distributions were selected empirically to generate synthetic sequences that

resembled motion in the videos. In addition, real frame sequences were extracted around
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labeled frames in the videos and each frame in a sequence was sampled out of 3 consecutive

frames.

3.3.2 Experiments on UW-Sinus-Surgery C/L

Evaluation

The segmentation performance was evaluated based on Dice similarity coefficient (DSC) and

Intersection over Union (IoU) [109], which are defined as

DSC =
2|X ∩ Y |
|X|+ |Y |

(3.10)

IoU =
|X ∩ Y |
|X ∪ Y |

(3.11)

where X and Y are the predicted and ground truth segmentation maps, respectively. Further,

we estimated the computation cost of each model using its inference time, which is the time

for the model to predict a segmentation map.

The models were evaluated with 3-fold cross-validation as described in Section 2 and a

video can only be used either for training or testing in each of the three validations. The

trained models were tested by propagating the aggregated feature maps and performing seg-

mentation every third frame throughout the test videos, and the segmentation performance

was evaluated on the labeled frames.

Results

The segmentation results on UW-Sinus-Surgery C/L is shown in Table 3.1. There are three

groups of methods: i) Group 1 consists of three advanced segmentation models on single

frames; ii) Group 2 consists of the original version of DL3+(MobileNet), DL3+(MobileNet-

p8), and MFFA-DL3+(MobileNet-p8) trained with/without synthetic sequences; iii) Group

3 consists of the original version of DL3+(ResNet50), DL3+(ResNet-b3), and MFFA-DL3+

(ResNet-b3) trained with/without synthetic sequences. To determine if there are significant
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Table 3.1: Segmentation performance on UW-Sinus-Surgery-C/L

No. Model(Backbone) MFFA Synth.
Performance (mDSC(%) / mIoU(%)) Time

Sinus-Surgery-C Sinus-Surgery-L (ms)

1

TernausNet-16 [53] (VGG16)

n/a n/a

85.4(2.2)/80.1(2.7) 79.5(5.9)/73.4(6.8) 12.9

LWANet [90] (MobileNet) 81.1(3.8)/74.9(4.5) 72.6(7.7)/65.2(8.8) 5.3

MAFA-DL3+ [97] (ResNet50) 91.2(1.0)/86.8(1.2) 87.7(3.8)/82.1(4.6) 19.3

2

DL3+ [18] (MobileNet) × × 81.4(4.2)/75.5(4.8) 76.6(6.8)/69.5(8.0) 3.1

DL3+ [18] (MobileNet-p8)

× × 80.4(3.5)/74.0(4.4) 75.7(7.0)/68.0(8.3) 2.1

X × 84.8(2.9)/79.4(3.3) 81.3(6.0)/74.7(7.1) 2.9

X X 86.4(2.2)/81.1(2.7) 83.2(4.1)/77.0(5.0) 2.9

3

DL3+ [18] (ResNet50) × × 86.0(2.0)/81.0(2.5) 81.8(5.4)/75.2(6.4) 8.2

DL3+ [18] (ResNet50-b3)

× × 83.9(5.0)/78.8(5.6) 80.1(5.4)/73.4(6.4) 5.0

X × 86.1(2.5)/81.0(3.0) 83.2(4.9)/77.0(5.7) 5.4

X X 88.9(1.4)/84.0(1.8) 85.8(3.3)/80.0(4.3) 5.5

* i) The mDice and mIoU are shown in the form of ‘mean(standard deviation)’; ii) MobileNet-p8 is the

trimmed MobileNet; iii) ResNet50-b3 is the trimmed ResNet50; iv) Both synthetic and real data are

used for training if ‘Synth.’ is checked, otherwise only real data are used for training; v) The bold font

indicates the best performance in the column of each group.

differences between the eight models in Group 2 and 3, we performed Friedman test [33] fol-

lowed by a Conover post hoc test [25] on the 6 data folds of UW-Sinus-Surgery C/L. Friedman

test shows that there is a statistically significant difference between the performance of these

eight models with a p-value less than 0.05 and the pairwise comparisons calculated using

Conover’s test are shown in Table 3.2. In each row of Table 3.2, a p-value less than 0.5

indicates that there is a statistically significant difference between the corresponding paired

comparison methods.

When both synthetic and real frame sequences were used for training, MFFA-DL3+

with reduced backbone achieved superior performance of 3.1%∼9.5% better mDice and

3.3%∼10.7% better mIoU with less inference time compared with the baseline DL3+. The
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Table 3.2: Conover post hoc test results of baselines (DeepLabV3+ [18]) and proposed models
on UW-Sinus-Surgery-C/L Dataset

Compared Model (Backbone,Real/Synthetic Data) p-value

DL3+(MobileNet,R)

DL3+(MobileNet-p8,R) 0.83

MFFA-DL3+(MobileNet-p8,R) 0.08

MFFA-DL3+(MobileNet-p8,S) 0.02*

DL3+(ResNet50,R)

DL3+(ResNet50-b3,R) 0.38

MFFA-DL3+(ResNet50-b3,R) 0.74

MFFA-DL3+(ResNet50-b3,S) 0.07

MFFA-DL3+(MobileNet-p8,S) 0.83

MFFA-DL3+ MFFA-DL3+
0.51

(MobileNet-p8,R) (MobileNet-p8,S)

MFFA-DL3+ MFFA-DL3+
0.13

(ResNet50-b3,R) (ResNet50-b3,S)

* i) In the brackets, ‘R’ represents only real data are used for

training, while ‘S’ represents both synthetic and real data are

used for training; ii) In the last column, p-values less than 0.05

are marked with ‘*’.

third row of Table 3.2 further shows that there is a statistically significant difference between

MFFA-DL3+(MobileNet-p8) trained with synthetic frame sequences and DL3+(MobileNet).

Also, MFFA-DL3+(MobileNet-p8) achieved comparable results to DL3+(ResNet50) with

a p-value of 0.83 while used only about 35% of the average inference time. Moreover,

compared with the three advanced segmentation models shown in Group 1, both MFFA-

DL3+(MobileNet-p8) and MFFA-DL3+(ResNet-b3) achieved superior or comparable per-

formance with much lower computation costs.

To evaluate the effectiveness of i) Temporal Aggregation Block (TAB), ii) Spatial Aggre-

gation Block (SAB), and iii) L1st, we conducted ablation studies on UW-Sinus-Surgery C/L

with DeepLabV3+ [18], as shown in Table 3.3. The original version of DL3+(MobileNet) was

used in experiment 1, while DL3+ with a trimmed backbone MobileNet-p8 was used in ex-
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Table 3.3: Ablation studies of MFFA with DeepLabV3+ on UW-Sinus-Surgery-C/L Dataset

No.
Method Performance (mDSC(%) / mIoU(%))

Backbone TAB SAB Synth. L1st Sinus-Surgery-C Sinus-Surgery-L

1 MobileNet × × × × 81.4(4.2)/75.5(4.8) 76.6(6.8)/69.5(8.0)

2

MobileNet-p8

× × × × 80.4(3.5)/74.0(4.4) 75.7(7.0)/68.0(8.3)

3 × X × × 82.4(1.7)/76.6(2.2) 79.1(5.4)/71.7(6.6)

4 X × × × 83.0(3.3)/76.6(4.0) 77.4(7.0)/69.9(8.4)

5 X X × × 83.8(1.6)/78.2(2.0) 80.1(5.5)/73.2(6.6)

6 X X × X 84.8(2.9)/79.4(3.3) 81.3(6.0)/74.7(7.1)

7 X X X × 84.3(1.7)/78.9(2.3) 79.8(5.3)/73.3(6.2)

8 X X X X 86.4(2.2)/81.1(2.7) 83.2(4.1)/77.0(5.0)

* i) Both synthetic and real data are used for training if ‘Synth.’ is checked, otherwise

only real data are used; iii) The bold font indicates the best performance in the column.

periment 2∼8. Because TAB is responsible for aggregating temporal information, the model

was trained with frame sequences only when TAB was used (experiment 4-8). Compared

with experiment 2, experiment 3 shows that using SAB without temporal feature aggregation

improved the performance on both the cadaver and live datasets, while experiment 4 shows

that TAB improved the segmentation performance by leveraging the temporal information.

Further, experiment 5 shows that better performance was achieved by using TAB and SAB

together. By comparing experiments 5 and 6, and comparing experiments 7 and 8, we found

L1st is more effective when training with synthetic frame sequences.

Further, we assessed the sensitivity of segmentation performance to the frame sequence

length on UW-Sinus-Surgery-C with MFFA-DL3+(MobileNet-p8). Figure 3.4 shows the test

mDSC with frame sequence length ranging from 2 to 8. We found that training the model

with synthetic sequences achieved better performance than when only real sequences are

used. However, limited by the computation resource, the model cannot be tested on longer

sequences, which are needed to draw a conclusion on the relationships between sequence

length and segmentation performance.
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Figure 3.4: mDSC achieved by MFFA-DL3+(MobileNet-p8) on UW-Sinus-Surgery C/L with
sequences of different lengths. The blue line (‘Real’) shows the performance of models trained
only with real sequences. The yellow line (‘Synth. & Real’) shows the performance of models
trained with both synthetic and real sequences. In each real sequence, ground truth is only
known for one frame of the sequence, while every frame in the synthetic sequence is labels.

3.3.3 Experiments on ROBUST-MIS-Proctocolectomy

Table 3.4 shows the segmentation results on ROBUST-MIS-Proctocolectomy. We compared

the performance of DL3+(MobileNet), DL3+(MobileNet-p8), and MFFA-DL3+(MobileNet-

p8) with using only real frame sequences for training. Compared with the original ver-

sion of DL3+(MobileNet), MFFA-DL3+(MobileNet-p8) achieved superior performance of

2.5%∼3.0% better mDice and 3.3%∼3.8% better mIoU with less inference time.

3.4 Discussions and Conclusions

In this work, we developed and validated a MFFA module that performs feature aggregation

based on temporal and spatial relationships between frame pixels to improve instrument

segmentation. By using the MFFA module, we can reduce the deep encoder to its trimmed

version and decrease the computation costs. Another advantage of the proposed MFFA
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Table 3.4: Segmentation performance on ROBUST-MIS-Proctocolectomy

Model(Backbone)
mDSC mIoU Time

(%) (%) (ms)

TernausNet-16 [53] (MobileNet) 79.6(2.9) 71.6(3.0) 21.6

LWANet [90] (MobileNet) 76.2(3.2) 67.6(3.3) 14.2

MAFA-DL3+ [97] (MobileNet) 81.7(2.8) 74.1(3.0) 27.8

DL3+ [18] (MobileNet) 78.1(3.1) 69.9(3.2) 9.0

DL3+ [18] (MobileNet-p8) 78.4(3.8) 70.4(4.0) 6.4

MFFA-DL3+ [18] (MobileNet-p8) 81.0(3.1) 73.5(3.2) 8.5

* i) The mDSC and mIoU are shown in the form of ‘mean(standard

deviation)’; ii) The bold font indicates the best performance in the

column of the second group (last three rows).

module is that it can be easily combined with any segmentation model that has an encoder-

decoder architecture. Also, we proposed a simple but effective strategy that can generate a

synthetic frame sequence from a single labeled frame to assist network training and compen-

sate for a lack of labeled real frame sequences. The experiment results demonstrated that by

combining the proposed feature aggregation module MFFA with an existing segmentation

model, we achieved promising segmentation performance with low computation costs.

Figure 3.5 shows some examples of the segmentation results. As shown in Figure 3.5(a-

d,f), the proposed MFFA module could help improve instrument segmentation by reducing

false negatives under many challenging conditions including reflection and blood compared

to the baseline experiments. Moreover, we found that the MFFA module could help reduce

the false positives on objects that are not parts of the human body such as gauze as shown

in Figure 3.5(e). In this work, we focused on semantic segmentation in which pixels are

classified into different classes without separating different objects. When analyzing surgical

videos that have several instruments operating at the same time, instance segmentation that

treats different objects of the same class separately is more appealing as it provides more

information regarding the surgical workflow. We will explore leveraging temporal information
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Figure 3.5: Examples of segmentation results. The result samples of UW-Sinus-Surgery-C,
UW-Sinus-Surgery-L, ROBUST-MIS-Proctocolectomy are shown in (a,b), (c,d), and (e,f),
respectively. In (a-d), the first frame is the input raw frame and the next four frames
are the segmentation results of DeepLabV3+ (DL3+) [18] with MobileNet as the back-
bone feature extractor, DL3+ with MobileNet-p8 and MFFA, DL3+ with ResNet50, and
DL3+ with ResNet50-b3 and MFFA, respectively. In (e-f), the first frame is the input
raw frame and the next two frames are the segmentation results of DL3+ with MobileNet,
and DL3+ with MobileNet-p8 and MFFA, respectively. MFFA-DL3+(MobileNet-p8) and
MFFA-DL3+(ResNet50-b3) were trained with both synthetic and real frame sequences. The
predicted instrument regions are drawn in green and the true instrument contours are labeled
by red lines.

for instance segmentation as future work.

Table 3.1 shows that by using the synthetic frame sequences we achieved better segmen-

tation performance than using only the real frame sequences, but Table 3.2 shows that this

superiority is still not significant enough with p-values of 0.51 and 0.13. We think there

is still some space left for improvement because the current synthesis method is relatively

simple. We used a simplistic instrument trajectory model for two reasons: 1) the frame

sequences used in this work have only 4 frames with small instrument movements, so this

method provides visually realistic approximations to the real sequences. 2) The statistical or

other knowledge of instrument moving behaviors are not available in the datasets studied in
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this work. The true instrument movement pattern could be considered in the future to gen-

erate more realistic sequences. One potential option is performing interpolation or modeling

using neighboring labeled frames to generate better synthetic trajectories.
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Chapter 4

IMPROVING GENERALIZABILITY OF INSTRUMENT
SEGMENTATION MODELS WITH TRANSFER LEARNING

As deep learning has achieved more state-of-the-art performance in many engineering

problems, the demands for large datasets are increasing. While collecting raw unlabeled

data becomes easier, data labeling is still expensive and time-consuming. Labeling medical

data often requires some medical knowledge so it is hard to collect a reasonable amount

of data for training [22, 10]. On the other hand, in surgical images, the appearance of the

instrument and background varies a lot due to different illumination conditions, various types

of organs or tissues, and the presence of blood and smoke. Moreover, the usage frequencies of

some instruments are related to surgeons’ skill levels [58]. During endoscopic sinus surgery,

surgeons hold the instruments with one hand and hold the endoscope with the other hand,

so the instrument size in surgical images depends on the surgeons’ habit of holding the

instruments and endoscope. Therefore, a segmentation model trained on a dataset collected

from a specific hospital usually does not generalize well to datasets collected from different

locations even the surgical type remains the same, let alone transfer to a different type of

intervention. If labeling a large amount of training data is needed whenever dealing with

a new dataset, the application of deep learning in instrument segmentation will be greatly

impeded. Transfer learning aims to improve the task performance on target domains by

transferring knowledge learned from different but related domains (called source domains)

[134, 22]. Success in transfer learning could reduce the need for data labeling. This property

makes transfer learning appealing for clinical applications.
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4.1 State-of-the-art Domain Adaptation Technologies

In transfer learning, both the tasks and data appearance and distribution of source and

target domains can be different. In medical image analysis, fine-tuning models pretrained on

large-scale datasets (e.g., ImageNet [28]) with target data has become a common approach

to accelerate model training and remedy the influence of limited data [134, 45]. The reader

is referred to [134] for a review on transfer learning with pretrained models. Our work

focuses on a particular case of transfer learning called domain adaptation, where the task

remains the same but there is a gap between the source and target domain [64, 94]. Many

efforts on domain adaptation for semantic segmentation have been made to align different

domains in the feature space via adversarial learning [20, 114, 132]. This method usually

involves discriminators that can distinguish the differences between features of the source and

target data. Training discriminators with the task model shared across domains encourages

the model to find the common feature space and allows better task performance on target

domain.

Aligning different domains in pixel-level using image translation methods, such as Gen-

erative Adversarial Networks (GANs) [42] and CycleGAN [133], is another popular strategy

[21, 69, 76, 84]. GANs consist of two networks, a generator and a discriminator, which

are trained to contest with each other. More specifically, the discriminator is trained to

distinguish the translated data from the real data and the generator is trained to fool the

discriminator. CycleGAN has two GANs to translate data bidirectionally between the source

and target domain and uses a cycle consistency loss to ensure the translation is invertible.

Through image translation, the data are brought to the same domain, and therefore, allowing

training shareable task models with the labeled data of the source domain.

In semi-supervised learning and self-supervised learning, training networks on unlabeled

data with high-confident pseudo labels in a supervised fashion has led to advanced perfor-

mance [101, 68, 54, 125]. This strategy has also been applied to domain adaptation as a

complementary to domain alignment. For image classification, a popular method is to al-
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ternately 1) perform clustering to assign target data pseudo labels based on the source data

in the corresponding clusters and 2) optimize networks with source data labels and target

data pseudo labels [60, 43]. In [69], the researchers proposed to use pseudo labels of target

data and ground truth labels of translated source data (i.e., data translated from the source

domain to the target domain) together to train models.

4.2 LC-GAN: Exploration on Pixel-level Domain Alignment

We explore image-to-image translation that aims to align domains in the pixel level, so

that the knowledge could be transferred between different domains. This work is under the

unsupervised domain adaptation (UDA) setting for the instrument segmentation task, i.e.,

perform segmentation on the unlabeled data in the target domain by leveraging the model

trained with the labeled data in the source domain. The two datasets used here are the

cadaveric and live dataset of UW-Sinus-Surgery-C/L (see Section 2). Although we have

manually labeled both datasets, we assume the labels of the cadaveric dataset are available

while the labels of the live dataset are only used to evaluate the proposed method.

4.2.1 Overview

The schematic of the proposed image-to-image translation model live-cadaver GAN (LC-

GAN) is shown in Figure 4.1 (a). LC-GAN is developed to learn the mapping between the

cadaveric dataset and live dataset. We then perform instrument segmentation on the fake-

cadaveric surgery images generated from the real-live surgery images, as shown in Figure

4.1 (b). The segmentation is implemented using deep convolutional neural network (CNN)

models trained with the labeled cadaveric dataset. Finally, we evaluate the potential of the

proposed method by comparing its segmentation performance with the traditional method

that trains and tests the segmentation model in the same domain.
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Figure 4.1: Overall framework. (a) Schematic of LC-GAN. The generator G performs
cadaver-to-live translation, while generator F performs live-to-cadaver translation. The dis-
criminators DX and DY are used to distinguish the fake images from the real images in
cadaveric and live domains, respectively. The segmentor S is a deep segmentation model
pre-trained on the real cadaveric dataset. (b) Schematic of the proposed method and the
traditional method for instrument segmentation on the live dataset. The instrument regions
in the segmentation maps are shown in green. Note that there is only one instance of G, F ,
and S, respectively.

4.2.2 Live-cadaver GAN (LC-GAN) Architecture

Similar to CycleGAN [133], LC-GAN consists of two generators and two discriminators.

Given two image domains X and Y , the two generators G and F are trained to learn the

mappings between the image domains, i.e. G : X → Y and F : Y → X. DX and DY are two

discriminators trained to distinguish between real and fake images. We define the cadaveric

dataset as the X domain and the live dataset as the Y domain.

We construct two generators with different architectures as shown in Figure 4.2. Since

deep segmentation models can be trained on the cadaveric dataset with labels, we leverage

backbone feature extractors of the trained segmentation models to provide better feature

maps for the generator G that maps cadaveric surgery images to live surgery images. We

also adapt part of the DeepLabV3+ segmentation model [18] into G. Specifically, we apply
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Figure 4.2: Generator architectures of LC-GAN (example for 208x208 input image). Each
trapezoid represents a series of convolution or deconvolution operations. The sizes (width-
height-channel) of the feature maps are shown on top of the corresponding arrows.

the Atrous Spatial Pyramid Pooling (ASPP) module [18] to extract multi-scale features from

the output of pre-trained backbones, and the extracted features are then concatenated with

low-level features of the backbones. The parameters of the pre-trained backbones are fixed

during LC-GAN training. For another generator F , no trained feature extractor is available,

so we train it from scratch. We choose a ResNet with two stride-2 convolutions, nine residual

blocks, and two fractionally-strided convolutions with stride 1
2

as the generator F [46, 133].

For the discriminator, we use the 70×70 PatchGAN [56, 133] to distinguish the real 70×70

image patches from fake patches.

4.2.3 Loss Functions for LC-GAN

CycleGAN was proposed with the adversarial loss LGAN and the cycle consistency loss Lcyc.

The details of LGAN and Lcyc are provided in [133]. Although CycleGAN shows compelling
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Figure 4.3: Translation from a real-live surgery image to a fake-cadaveric surgery image. (a)
The result of CycleGAN is an example of semantic inconsistency. The bone region pointed
by the white arrow is translated into an instrument and the instrument becomes much larger
in the fake image than its true size. (b) The proposed LC-GAN generates a fake image with
better semantic consistency.

results in many datasets, the semantic consistency might not be guaranteed for some complex

scenes. Figure 4.3(a) shows an example of semantic inconsistency between the real-live

surgery image and the fake-cadaveric surgery image generated using CycleGAN. In Figure

4.3(a), the bone is translated to an instrument and the true instrument becomes much larger

in the fake image. To ensure the semantic consistency, we propose a structural similarity

loss LSSim and a segmentation consistency loss Lseg alongside with the cycle consistency loss

as shown in Figure 4.1(a).

LSSim estimates the structural similarity between the input and output of a generator.

Because the live and cadaveric surgery images have very different colors, the color information

should be excluded when calculating LSSim. Therefore, we convert the image from RGB

to YUV color space and use the Y channel that consists of luminance information [32]

to estimate the structural similarity. Besides color features, the live surgery images have

different lighting conditions and the presence of fluids including blood compared to the

cadaveric surgery images. Therefore, LSSim should focus on overall structural similarity

while allowing differences in image brightness, contrast and details. Similar to [120, 95], we

compare the image structural information at different resolutions. Specifically, we iteratively

downscale the image by a factor of 2 and get a total of ns scaled images which are 1, 1
2
, ...,
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1
2ns of the original size, respectively. The expression of LSSim is

LSSim(G,F ) = [1−
ns∑
i=0

γiC(xY,i, G(x)Y,i)]

+ [1−
ns∑
i=0

γiC(yY,i, F (y)Y,i)]

(4.1)

where x ∈ X is an image from the X domain and y ∈ Y is an image from the Y domain,

the subscripts Y, i of an image denote that we extract the Y channel of the image and scale

it to 1
2i

of its original size, γi are the multi-scale weights and are normalized to
∑N

i=0 γi = 1.

C(a, b) is the zero-normalized cross-correlation (ZNCC) [41, 119] between images a and b

C(a, b) =
σab + ε

σaσb + ε
(4.2)

where σab is the covariance between a and b, and is defined as [119]

σab =
1

m− 1

m∑
i=1

(ai − µa)(bi − µb) (4.3)

m is the number of pixels in a and b, ai and bi are the ith pixel of a and b. µa, µb and σa,

σb correspond to the mean intensity and standard deviations of a and b. ε is a constant to

stabilize the division when σaσb is close to zero. ZNCC a special case of structural similarity

index (SSIM) and is less sensitive to the differences of illumination conditions and contrast of

the two compared images [119]. The reader is referred to [130] for a comprehensive analysis

on using SSIM and multi-scale SSIM as loss functions for neural networks and comparison

experiments on these two loss functions based on the image restoration task.

Inspired by [23, 99], we introduce a segmentation consistency loss to further improve

semantic consistency:

Lseg(G,F ) = LCE(xm, S(F (G(x))))

+ LCE(S(y), S(G(F (y))))
(4.4)

where LCE(a, b) is the naive cross-entropy loss (Eq. (3.1)). S is a segmentation model trained

on the labeled cadaveric dataset and its parameters are fixed during LC-GAN training. xm

is the ground truth segmentation mask of image x. For the segmentation consistency loss
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between y and G(F (y)), we use the segmentation on the image y as the target mask because

the labels of the live dataset are not available according to our assumption.

Finally, the overall objective function is given by

L(G,F,DX , DY ) = LGAN(G,DY ) + LGAN(F,DX)

+ λ1Lcyc(G,F ) + λ2LSSim(G,F )

+ λ3Lseg(G,F )

(4.5)

where λi are hyper-parameters that balance the impact of the losses. The generators are

trained to minimize the overall objective function and the discriminators are trained to

maximize it.

4.2.4 Experiments and Results

Evaluation Metrics

The segmentation performance was evaluated based on Dice similarity coefficient (DSC) and

Intersection over Union (IoU), which have been discussed in Section 3.3.2.

Implementation Details

We implemented image-to-image translation models using Tensorflow on a single Nvidia

Tesla T4 GPU. The segmentation models were implemented on a 3.70GHz Intel i7-8700K

CPU and two Nvidia GTX2080ti GPUs.

Datasets. We studied image translation between the cadaveric and live dataset of UW-

Sinus-Surgery-C/L, which is described in Section 2. For the segmentation task on the live

dataset, we separated live surgery images into a training set of 3504 frames from 2 videos

and a test set of 1154 frames from the remaining 1 video. To speed up LC-GAN training,

we cropped square image patches inscribed in the endoscopic area and downscaled these

patches to 208×208. When trained LC-GAN, we found that to stabilize the model, we

need to exclude images that have limited corresponding knowledge in the other domain.
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Specifically, we excluded overexposed frames or frames with too strong specular reflections

from the cadaveric dataset, and excluded images with electric cautery, which has the most

different appearance with the instruments in the cadaveric dataset (see Figure 2.1 (n)), from

the live datasets. 900 cadaveric surgery frames were selected for the X domain and 3174

live surgery frames were selected for the Y domain. Note that frames in the live test set for

instrument segmentation were excluded in LC-GAN training.

LC-GAN Training. We trained LC-GAN with 6 epochs using the Adam optimizer. The

learning rate was 0.00008 for the first half of training and then was linearly decayed to zero

over the remaining epochs. Each batch consisted of one image from domain X and one image

from domain Y. The hyper-parameters λ1, λ2 and λ3 were set to 5, 1 and 2, respectively. For

the structural similarity loss LSSim, we chose ns = 4 and empirically set γ1 = 0.05, γ2 = 0.33,

γ3 = 0.35 and γ4 = 0.27.

Compared image-to-image translation models. We compared LC-GAN with baseline

and state-of-the-art image-to-image translation models include CycleGAN [133], UNIT [80]

and MUNIT [51]. We first trained all three models until 250 epochs and chose the minimum

epochs that made the models converge. We found CycleGAN stabilized after 200 epochs.

UNIT and MUNIT failed to converge within 250 epochs. We then chose 9 epochs for these

two models because after 9 epochs they became more unstable.

Results

Qualitative evaluation. Figure 4.4 shows examples of image-to-image translation results.

We found that LC-GAN generally retained the shape and location of the instruments and

the structures of sinus tissue in the resultant fake images. A majority of images in our live

dataset have the instruments merged into the background due to strong reflection and blood.

LC-GAN could successfully handle such cases most of the time as shown in Figure 4.4(a,b).

In contrast, CycleGAN was less robust and might translate part of the background to an

instrument as shown in Figure 4.4(a,c). Also, CycleGAN tended to increase the size of the

instruments as shown in Figure 4.4(b,d). The other two comparison methods, UNIT and
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Figure 4.4: Examples of results from the proposed method and traditional method. In each
subfigure, the last four columns of the top row show the fake-cadaveric images translated
from the input real-live image using UNIT [80], MUNIT [51], CycleGAN [133] and LC-GAN
(ours). The second row shows the corresponding instrument segmentation results obtained
using DeepLabV3+ [18] with MAFA [97]. In the bottom row, the first segmentation is
the result of the traditional method and the last four segmentations are from the proposed
method. The predicted instrument regions are shown in green and the ground truth of the
instrument contours are shown as red lines.

Figure 4.5: Failed live-to-cadaver translation examples given by LC-GAN. The corresponding
instrument segmentation maps are obtained using DeepLabV3+ [18] with MAFA [97]. The
predicted instrument regions are shown in green and the ground truth of the instrument
contours are shown as red lines.

MUNIT, did not converge to the correct correspondence between the two image domains.

Although our image-to-image translation results are promising, the performance is still

not satisfactory under challenging conditions. Figure 4.5 shows some typical fail cases. Figure
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4.5(a) shows an example of an instrument merged in blood. Figure 4.5(b) shows an example

of an instrument in shadow with a red appearance due to specular reflection. The instruments

in Figure 4.5(a,b) are translated to regions similar to the surrounding background and lead to

incorrect segmentations. Figure 4.5(c) represents another type of failure that happens when

the instrument appears red and does not exist in the cadaveric dataset. In such a case, the

color information is not reliable and the segmentation models should use shape information

for successful segmentation. The segmentation models trained with the cadaveric dataset

have not seen this or a similar instrument before, resulting in segmentation failure.

Quantitative evaluation. We used instrument segmentation results on the fake-cadaveric

surgery images to quantitatively evaluate the image translation performance. The segmen-

tation models were trained on the cadaveric dataset. We applied three segmentation models

including DeepLabV3+ [18], TernausNet [53] and LWANet [90] with different pre-trained

backbone feature extractors and a Multi-angle Feature Aggregation (MAFA) strategy [97].

The implementation details of the segmentation models are provided in [97]. As a com-

parison, we also performed the traditional method that trains and tests these segmentation

models directly with labels of the live surgery dataset. The instrument segmentation per-

formance was evaluated with DSC and IoU. Table 4.1 shows the segmentation results. We

found that the segmentation results on fake-cadaveric surgery images translated by LC-GAN

were better than the results obtained using other compared image-to-image translation mod-

els. Our method achieved 15.1%∼19.4% better mDSC and 17.9%∼22.9% better mIoU than

using CycleGAN. Compared with the traditional method that uses the labeled live dataset,

our method achieved 2.8%∼9.3% lower mDSC and 2.4%∼10.5% lower mIoU.

To evaluate the effectiveness of the proposed modules i) generator with trained backbone,

ii) structural similarity loss LSSim and iii) segmentation consistency loss Lseg in LC-GAN,

we conducted ablation studies with different configurations. Table 4.2 shows the experiment

results based on DeepLabV3+ [18]. All experiments were implemented with the same LC-

GAN hyper-parameters described in Section 4.2.4. The network failed to converge without

any proposed module in limited training epochs, while all three proposed modules helped
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Table 4.1: Segmentation performances on live surgery dataset

Image-to-image
Train Set Test Set

Segmentation model (backbone), mDSC(%) / mIoU(%)

Translation Model
DeepLabV3+ TernausNet-16 DeepLabV3+ LWANet

(ResNet50) (VGG16) (MobileNet) (MobileNet)

UNIT [80]

Cadaver Live

34.4/25.8 35.6/26.9 34.4/26.0 35.1/25.9

MUNIT [51] 22.4/17.8 18.9/14.2 23.8/18.1 20.9/15.3

CycleGAN [133] 62.6/51.4 59.9/48.7 59.6/48.2 57.7/46.2

LC-GAN (ours) 79.9/73.1 75.1/68.1 79.0/71.1 72.8/64.1

n/a Live Live 82.7/75.5 82.4/75.7 83.0/75.7 82.1/74.6

* All segmentation methods were implemented with MAFA [97]. The first four rows show the

results of the UDA method, and the last row shows the results of the traditional method. The

bold font indicates the best performance of the UDA method in each column.

Table 4.2: Ablation studies of LC-GAN with DeepLabV3+(ResNet50)

LSSim Lseg Trained Segmentation peformance:

backbone mDSC(%) / mIoU(%)

× × × 24.1/16.8
√

× × 78.2/71.4

×
√

× 77.7/70.9

× ×
√

78.2/71.0
√ √

× 79.0/72.2
√

×
√

78.4/71.6

×
√ √

79.1/72.5
√ √ √

79.9/73.1

* The bold font indicates the best performance.

the network converge faster and achieve acceptable performances. Moreover, combinations

of two or three proposed modules led to 0.2%∼2.2% better mDSC and mIoU than using only

one proposed module.
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4.2.5 Discussions and Conclusions

We proposed an image-to-image translation model LC-GAN that achieved better semantic

consistency using constraints that encourage structural similarity. The training of the pro-

posed image-to-image translation model only requires an unpaired dataset, which can be

easily extracted from the surgery videos.

Figure 4.4 shows that LC-GAN surpassed other comparison methods to provide the best

image-to-image translation results. In contrast, CycleGAN tended to increase instrument

size in the fake-cadaveric surgery images. This can be explained by the fact that in our

dataset the instruments in the cadaveric domain are generally larger than the instruments

in the live domain. UNIT and MUNIT failed to capture the correct mapping between

the cadaveric and live surgery images. UNIT and MUNIT were built based on a shared-

latent space assumption, i.e., each pair of corresponding images from the two domains can

be mapped to a shared-latent space. However, this assumption may be too strict for our

dataset because the scenes in the two domains have many differences in both instrument

types and backgrounds.

Compared with the traditional method, LC-GAN achieved the lower performance. This

result is as expected and the current gaps are acceptable. The live and cadaveric datasets have

different types of instruments, so the distribution of the fake-cadaveric images is still different

from the real-cadaveric images. Also, although we proposed two loss functions to improve

the semantic consistency between the real images and their corresponding fake images, the

semantic consistency has not been fully guaranteed. To mitigate the gap, we plan to create

a small set of manually labeled fake-cadaveric images to fine-tune the deep segmentation

models. Moreover, the proposed live surgery dataset introduces multiple challenges. When

we labeled the dataset, we found that it is much easier to decide the instrument locations

by referring to neighboring frames. This points out a future work direction, by extracting

the temporal information of neighboring video frames, we can potentially obtain clues of

semantic consistency for image-to-image translation. For example, we can extend the MFFA
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module proposed in Chapter 3 to this work.

In this work, we proposed an image-to-image translation model LC-GAN to learn the

mapping between two different but relevant image domains. We introduced structural sim-

ilarity loss and segmentation consistency loss for LC-GAN to improve the semantic consis-

tency during translation. We demonstrated the proposed model in a sinus surgery dataset

of cadaveric and live surgery images. Our results show that the proposed method can po-

tentially reduce the need to label more data for surgical instrument segmentation. These

results have major implications on the ability to automatically segment and track surgi-

cal instruments, leading to improved analysis of surgery as well as enhancement in surgical

training.

4.3 Unsupervised Domain Adaptation (UDA) with Feature Clustering-based
Pseudo Labels

Many UDA methods align different domains without considering the semantic information of

the data. For image classification, researchers have proposed to align domains by leveraging

class information to improve adaptation performance. A common approach is to perform

clustering along with task model training to reduce the domain gaps between samples of the

same class [60, 43], as described in Section 4.1. In instrument segmentation, distinguish-

ing instruments from the background can be very difficult due to the reflections, so aligning

domains neglecting the semantic information may cause semantic inconsistency, which is dis-

cussed in Section 4.2.3. Inspired by the previous work on clustering-based domain alignment

[60, 43], we propose to perform pixel feature clustering based on pixel class information and

align domains by reducing the gaps between corresponding clusters of different domains.

4.3.1 Overview

Given a labeled dataset S = {(xsi , ysi )}Ns
i=1 in the source domain, where xi is a surgical image

and yi is the corresponding ground truth segmentation map. Our goal is to train a model

that can accurately segment the images of an unlabeled dataset T = {xti}Nt
i=1 in the target
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domain.

The schematic of the proposed Clustering-based Transfer Network (CTN) is shown in

Figure 4.6. The proposed method consists of two stages: First, the segmentation model

is trained on datasets in the source domains. Then, the trained model is tuned on the

target datasets with pseudo labels. In both stage, we combine a clustering method with the

segmentation model to identify clusters of features output from the encoder. We perform

clustering at two levels. The target task is binary segmentation that classifies each pixel as

either instrument or background. Thus, the first level of clustering is to group the encoder

features into an instrument cluster and a background cluster, as shown by the pink area

and the blue area in Figure 4.6, respectively. Moreover, there is a high intra-class diversity

in surgical images. Specifically, the background consists of different objects such as various

tissues and fluid, bone, gauze, and other non-instrument objects, and an instrument may

appear very different due to the strong reflection. Therefore, to cope with the high intra-class

diversity, we further group the features of each cluster into sub-clusters as the second level

of clustering. The sub-clusters are shown as circles in Figure 4.6. The CTN training involves

Figure 4.6: Overview of the CTN training procedure.



45

both levels of clustering. The details of CTN and its objective functions are described in

Section 4.3.2. In the second stage, the target sub-cluster centers are initialized with the

sub-cluster centers of the source data and are continue updated. At the beginning of each

epoch, the pseudo labels are updated with the current model and the clustering information

is used to estimate the confidence of the pseudo labels, which is further discussed in Section

4.3.3.

4.3.2 Clustering-based Transfer Network (CTN)

In stage 1, CTN is trained to perform segmentation and the first level clustering together.

In stage 2, the segmentation model is initialized with the model trained in stage 1. Then

we iteratively 1) update the sub-cluster centers of the encoder features, 2) update pseudo

labels of the target data with the current model, and 3) train CTN with the pseudo labels

for segmentation and provide better feature representation for the first level clustering. The

training details of stage 2 are presented in Algorithm 1.

Objective functions for CTN. For segmentation, we calculate the naive cross-entropy loss

LCE using Eq. (3.1). During network training, we adopt Cauchy-Schwartz (CS) divergence

[131] to estimate the first level feature clustering performance and guide the network to

extract features that are well-separated in the instrument and background clusters. CS

divergence reveals the distances between probability distributions and the CS divergence of

two distributions is calculated as [57]

DCS = − log

∫
p1(v)p2(v)dv√∫
p21(v)dv

∫
p22(v)dv

(4.6)

where v is a feature output by the encoder, p1(·) and p2(·) are the probability density functions

of the instrument and background clusters, respectively. By maximizing the CS divergence,

the clusters tend to become more compact and well separated. According to [131], in practice,

Eq. (4.6) can be calculated as

DCS =
αT1Gα2√

αT1Gα1αT2Gα2

(4.7)
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G is a distance matrix of encoder features, and each pairwise distance is calculated by Gm,n =

exp(−d(vm,vn)
2σ2 ), where d(·) is the cosine dissimilarity [110] d(a, b) = 1− cos (a, b) = 1− aT b

‖a‖‖b‖ .

In stage 1, αi is the i-th column of a cluster assignment matrix A ∈ RNv×2 (Nv is the

number of feature v), in which Ai,j = 1 indicates that the i-th feature vi belongs to the j-th

class. To obtain A, we first resize the ground truth segmentation map with nearest-neighbor

interpolation to the same size as the feature maps, and then reshape the one-hot encoding of

the resized ground truth map to Nv × 2. In stage 2, because the ground truth segmentation

maps are not available, we estimate a soft cluster assignment matrix A based on the sub-

cluster centers. Ai,j is first calculated as the summation of the cosine dissimilarities of the

i-th feature to all sub-cluster centers of the j-th class, then each row of A is normalized with

the softmax function.

Finally, for both stages, the overall objective function is giving by

L = LCE + λDCS (4.8)

where λ is empirically chosen as 0.0001.

Encoder feature sub-clustering. Considering the high intra-class diversity in surgical

images, we propose to further model each class with multiple sub-clusters. We apply spher-

ical k-means clustering [14], which is a variant of k-means based on cosine dissimilarity, to

estimate the sub-clusters. The network training in stage 1 does not involve sub-clusters. But

at the end of stage 1, we perform clustering on both the instrument and background clusters

to initialize sub-cluster centers for stage 2. The gap statistic method [113] is used to deter-

mine the sub-cluster number of each class. In stage 2, the sub-cluster centers are updated

every n-th epoch based on the target data features. The choice of n is discussed in Section

4.3.4. We select encoder features that satisfy the following two conditions for sub-cluster

updating: 1) The confidence of the feature’s pseudo label is higher than the lower quartile

of the confidences of all pseudo labels in the training set; 2) The feature is assigned to a

sub-cluster that belongs to the same class as its pseudo label.
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Algorithm 1: Stage 2- Tuning CTN on target dataset.

Input: Segmentation model trained on source dataset: M s,

source sub-cluster centers: Os,

target data: T = {xti}Nt
i=1

1 Initialize target segmentation model M t: M t ←M s;

2 Initialize target sub-cluster centers Ot: Ot ← Os;

3 for m epochs do

4 Update Ot every n-th epoch;

5 Update pseudo labels:

6 Assign pseudo labels to T using M t;

7 Assign each encoder feature to a sub-cluster using spherical k-means;

8 Estimate pseudo label confidence using Eq. 4.9;

9 for n iterations do

10 Update network parameters θ by:

11 θ ← θ − η · 5θ(LCE + λDCS)

12 end

13 end

4.3.3 Pseudo Label

The schematic of generating pseudo labels and their corresponding confidence maps is shown

in Figure 4.7. At the beginning of each epoch, the trained model is used to generate the

temporary pseudo labels. In addition, we perform the second level clustering on the encoder

output features and estimate the temporary confidence of the temporary pseudo label of

each feature using Eq. (4.9). Next, the pseudo labels and their confidence maps used for

model training in the current epoch are updated based on 1) the temporary pseudo labels

and temporary confidence maps estimated at the beginning of the current epoch and 2) the

pseudo labels and confidence maps used in the previous epoch.
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Figure 4.7: Schematic of generating pseudo labels and their corresponding confidence maps
at the beginning of epoch t. The data, includes pseudo labels and confidence maps, are
shown in orange boxes. The operations to generate or update pseudo labels and confidence
maps are shown in purple boxes. The alphabet ’t’ or ’t-1’ on the arrows means the data flow
is in the t-th or the t− 1-th epoch, respectively.

Estimate temporary pseudo label confidence based on sub-clustering. The core of

using pseudo labels for network training is to identify the accurate labels from noisy ones. In

image segmentation, a common method is to generate pseudo labels with the current trained

model and use the softmax output confidence to select data for further model training. For

an input image with the size of H×W , the decoder of a segmentation model usually outputs

a confidence map s ∈ RH×W×C , where C is the total number of pixel classes. Then the

softmax output is obtained by further normalizing this decoder output with the softmax

function, and each element of the softmax output si,j,k relates to the confidence of classifying

the corresponding pixel xi,j to the k-th class. In this work, we also use the current model

to obtain pseudo labels. In endoscopic sinus surgery, the instruments may have a similar

appearance to the background due to reflection, so the models trained on the source domain

may classify the instrument pixels of images in the target domain as background with high

confidence. Therefore, selecting pseudo labels based on the softmax outputs may lead to

suboptimal performance. We propose a feature clustering-based method to provide a more

reliable confidence estimation. Because the encoder feature maps usually have a smaller

size than the segmentation maps, so we first resize the temporary pseudo ground truth

segmentation maps to the same size as the feature maps using nearest-neighbor interpolation
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to assign each feature with a pseudo class label. Next, for a feature that has a pseudo label

of class i, if its minimum distance to the sub-clusters of class i is much smaller than its

distances to all sub-clusters that belong to all other classes, higher confidence should be

assigned to this feature. For binary segmentation, assume the sub-cluster centers O consists

of two groups of sub-clusters C1 = {c1m}
k1
m=1 and C2 = {c2m}

k2
m=1 (ki is the number of sub-

clusters of class i) for the instrument cluster and the background cluster, respectively. Then

the label confidence of a encoder feature v classified as class i is calculated by

σ = 1−
min
m

d(cim, v)

min
m,∀j 6=i

d(cjm, v)
(4.9)

where d(·) calculates the cosine dissimilarity. Finally, the confidences of all features in the

encoder feature maps form a confidence map, which is then further scaled to the same size

as the segmentation map through bilinear resizing.

Update pseudo labels and confidence maps. To update the pseudo label and the

corresponding confidence value of a pixel in a target image, we consider the following two

situations:

• If the pixel belongs to the same class according to the current temporary pseudo label

and the previous pseudo label, the pseudo-class label of this pixel will remain the same

in the current epoch. The pixel’s pseudo label confidence value will be the maximum

of the corresponding confidence values in the current temporary confidence map and

the previous confidence map.

• If the pixel belongs to different classes according to the current temporary pseudo label

and the previous pseudo label, the pseudo-class label and the confidence of this pixel

will be updated with the temporary pseudo-class label and the temporary confidence

only when the temporary confidence is higher than the corresponding confidence in the

previous confidence map. Otherwise, the pseudo-class label and the confidence value

will remain the same in the current epoch.
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4.3.4 Experiments and Results

We compared the proposed method with two domain adaptation methods for image seg-

mentation. The first method CrDoCo [21] tries to align domains in the pixel level. The

second method [114], denoted as ‘Adapt Output’ in Table 4.3, tries to align two domains

in the feature level. The segmentation model used in the proposed and compared methods

was DeepLabV3+ [18] with a backbone feature extractor MobileNet [48]. DeepLabV3+ was

chosen because it has achieved state-of-the-art performance in many recent works on instru-

ment segmentation [105, 97]. MobileNet was chosen because it is a representative lightweight

backbone [90, 108], so using it allows all methods to be trained within a reasonable time,

especially for CrDoCo that involves training a CycleGAN [133] and two segmentation models

at the same time. In addition, the segmentation performance on the target dataset achieved

with the segmentation model trained on the source dataset was compared as a baseline,

which is denoted as ‘Direct transfer’ in Table 4.3.

Implementation Details

CTN and comparison domain adaptation methods were implemented on a 4.20GHz Intel

i7-7700K CPU and a Nvidia Titan Xp GPU.

Datasets. We explored domain adaptation between the cadaveric and live dataset of UW-

Sinus-Surgery-C/L (see Section 2). Specifically, we conducted experiments under the fol-

lowing two settings: 1) L→C: use the live dataset as the source dataset and the cadaveric

dataset as the target dataset, 2) C→L: use the cadaveric dataset as the source dataset and

the live dataset as the target dataset. For both experiment settings, we used all images

from the source dataset to train the segmentation model in stage 1. Then in stage 2, the

segmentation model was further trained and tested on the target domain based on the 3-fold

cross-validation setting described in Section 2.

CTN Training. In stage 1, the segmentation model was trained using the Adam optimizer

with 10k iterations and a batch size of 16. The learning rate was initialized as 0.0005 and
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was exponentially decayed every 2500 iterations with a decay rate of 0.5. In stage 2, the

segmentation model trained in stage 1 was further tuned with 3k iterations, a batch size

of 16, and a learning rate of 0.0000625. In both stages, the images were augmented by 1)

changing their hue, brightness, saturation and contrast and 2) flipping, rotation, scaling, and

cropping.

Compared domain adaptation models. The two comparison domain adaptation meth-

ods [114, 21] and the segmentation model (DeepLabV3+ with MobileNet) for direct transfer

were trained with 10k iterations and a batch size of 16. The learning rate was initialized as

0.0005 and was exponentially decayed every 2500 iterations with a decay rate of 0.5. The

images were augmented in the same way as in CTN training.

Results

Table 4.3 shows the segmentation performance on the target dataset of the proposed and com-

pared domain adaptation methods. The segmentation performance was evaluated based on

Dice similarity coefficient (DSC) and Intersection over Union (IoU) (see Section 3.3.2). The

performance of CrDoCo [21] was worse than direct transfer. This is because CrDoCo includes

a CycleGAN model [133] and some of its loss functions are calculated based on the image

translation results from CycleGAN, but stabilizing CycleGAN can be challenging as shown

in Section 4.2.4. In contrast, ‘Adapt Output’ [114] and the proposed method achieved better

performance than the baseline- direct transfer. The proposed method achieved 1.0%∼10.7%

better mDice and 1.0%∼9.1% better mIoU than ‘Adapt Output’ when transferring knowl-

edge from the live to the cadaveric dataset (L→C). But when the knowledge was transferred

from the cadaveric to the live dataset (C→L), we did not see a significant difference between

the performance of ‘Adapt Output’ and the proposed method.

We compared three different pseudo label confidence estimate methods and the results

are shown in Table 4.4. Specifically, the pseudo label confidence are estimated based on: 1)

‘Softmax’: softmax output confidence, 2) ‘Dist’: the minimum distance between the feature

(with a pseudo label of class i) and all sub-cluster centers of the i-th class, 3) ‘Dist-ratio’:
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Table 4.3: Domain adaptation performance for segmentation task on UW-Sinus-Surgery-C/L

No.
Domain Adaptation

L→C C→L
Method

1 Direct transfer 60.5(2.8)/53.8(1.7) 30.9(4.9)/26.2(4.8)

2
CrDoCo [21] 15.8(6.6)/15.8(6.6) 8.2(3.0)/7.8(2.2)

Adapt Output [114] 69.3(3.6)/62.2(3.3) 48.7(2.1)/41.6(1.3)

3 Ours 76.4(1.5)/67.7(1.5) 52.4(1.7)/40.7(1.9)

* The bold font indicates the best performance in the column.

the proposed distance ratio-based confidence (Eq. 4.9). Table 4.4 shows that CTN achieved

the best performance based on the proposed confidence estimate method.

Table 4.4: Domain Adaptation Performance of CTN based on different pseudo label confi-
dences on UW-Sinus-Surgery-C/L

Pseudo
L→C C→L

Softmax Dist Dist-ratio

X 67.0(4.7)/58.9(4.8) 5.8(1.6)/5.8(1.6)

X 72.0(1.7)/62.3(1.3) 49.7(0.9)/41.0(1.4)

X 76.4(1.5)/67.7(1.5) 52.4(1.7)/40.7(1.9)

* The bold font indicates the best performance in the column.

4.3.5 Discussions and Conclusions

In this work, we explored a domain adaptation method for segmentation based on image

feature clustering. The proposed method does not require the source and target data to be

trained together. Thus, it can be applied to a situation when the source data can not be

shared with the client, who wants to transfer the knowledge of a model trained on the source

datasets to their target datasets, due to some privacy or security concerns.

Tables 4.3 and 4.4 show that the proposed CTN achieved notable improvement over the
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direct transfer baseline. However, when we performed domain adaptation from the cadaveric

to the live dataset, both the performance of CTN and ‘Adapt Output’ were still far from

good enough. One reason that leads to the unsatisfactory performance on C→L is that

the live dataset is more challenging than the cadaveric dataset because the blood and strong

reflection of background on the instrument surface makes distinguishing the instrument from

the background very difficult. Moreover, some instruments presented in the live dataset do

not exist in the cadaveric dataset, such as the electric cautery. Therefore, during C→L, the

target dataset (live dataset) includes knowledge that does not exist in the source dataset

(cadaveric dataset), and the current framework of CTN has not included methods that allow

the segmentation model to infer new knowledge by itself. Considering that in practical

scenarios, it is common that one source dataset may not include all knowledge involved in

the target dataset, we plan to explore multi-source domain adaptation to leverage knowledge

from multiple source datasets in the future. The proposed feature clustering strategy could

be further explored to select data that has more shared knowledge between different domains.
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Chapter 5

OBJECTIVE SURGICAL SKILL ASSESSMENT

In the current surgeon training process, the students’ performance is mainly evaluated

by senior surgeons, which is subjective and time-consuming [16]. To reduce the subjectiv-

ity in evaluation, rating criteria such as Objective Structured Assessment of Technical Skill

(OSATS) have been proposed [66, 86]. However, these skill assessment methods are still

subjective and are not efficient enough for new surgical technologies such as minimally inva-

sive surgery. Therefore, automatic and objective skill assessment methods are highly needed

in medical training [40, 58]. In addition, the ability to analyze surgical skills could help

robots or systems provide more appropriate assistance to surgeons during surgeries. In this

Chapter, we present our initial studies on automatic surgical skill assessment.

5.1 Related Works on Automatic Objective Surgical Skill Assessment

Analyzing motion metrics of instrument trajectories is a common approach in previous ob-

jective skill assessment studies [93, 47, 109, 70, 37, 58, 40]. Section 5.2.3 provides an overview

of commonly used motion metrics. More recently, a few methods have been proposed to ex-

tract features other than instrument movements from surgical videos for the skill assessment

task or related tasks [29, 6, 111]. Ban et al. combined a LSTM model with a statistics model

for surgical phase recognition [6]. Tanwani et al. proposed to learn visual representations

of video frames in a semi-supervised fashion that pushes frames of different tasks away from

each other in the embedding space [111]. Providing explicit guidance to medical students is

more valuable than only giving the skill score. To generate guidance toward individual skill

improvement, it is necessary to investigate technologies that could discover more informa-

tion related to the surgical procedure. But, progress on objective surgical skill assessment
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is relatively limited. The difficulty of this task itself and the limited availability of public

datasets are two main reasons. To move forward, extending studies to real surgeries is one of

the main challenges to be addressed. Existing studies mainly focus on dry lab training tasks

such as suturing and knot tying [38]. There is little work performed on real surgery datasets

[37, 58]. While many motion metrics have led to promising results in distinguishing surgical

skill levels under dry lab settings, their effectiveness for evaluating real surgeries hasn’t been

well-explored.

5.2 Pilot Study on Surgical Skill Assessment for Endoscopic Sinus Surgery

5.2.1 Overview

In this work, we explore objective surgical skill assessment by analyzing surgical instrument

trajectories. Specifically, we compute several motion metrics from the instrument trajectories

and study the relationships between these motion metrics and surgical skill levels. The

data studied in this work includes the instrument tip trajectories in the surgical videos,

and instrument and endoscope trajectories in the 3D space collected by an optical surgical

navigation system (see Section 2 for more details). To extract instrument trajectories from

videos, we propose a tracking method based on the instrument segmentation results obtained

in Section 3, as described in Section 5.2.2. Next, the involved motion metrics and the

statistical analysis method to study the relationships between these motion metrics and the

skill levels are introduced in Section 5.2.3.

5.2.2 Segmentation Map-based Instrument Tip Tracking

To obtain instrument tip trajectories in surgical videos, we first detect the instrument tip

in each video frame and then apply a Kalman filter [26] to further smooth the instrument

tip trajectories throughout the videos. We propose a geometric method to detect the instru-

ment tip from the instrument segmentation map based on instrument shape information.

Segmentation maps are images that indicate the instrument and background regions of the
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Figure 5.1: Schematic of the geometric method. The circular region is the endoscopic view
on a video frame. 4ABC is the enclosing triangle of the instrument region (blue). AD is
the median that passes the triangle vertex A, which is the vertex closest to the endoscopic
view center. The instrument tip P (red dot) is then identified as the intersection of the
instrument contour and the median AD.

corresponding video frames (see Section 1.1) and are obtained using the method proposed

in Chapter 3. While instrument tip tracking is not the focus of this work, we need to ex-

tract accurate instrument trajectories from videos to minimize the effect of tracking noise

on skill assessment. To ensure the segmentation maps as accurate as possible, we train the

segmentation model with all labeled frames in the target dataset and use the trained model

to estimate the segmentation map of every frame in the videos.

Geometric method. The schematic of the geometric method is shown in Figure 5.1.

We fit the enclosing triangle of the instrument region, and the tip is the intersection point

of the instrument contour and the corresponding triangle median. For some challenging

frames, the full instrument regions may not be successfully identified. In this case, the tip

location estimated by the geometric method is unreliable. To reduce the trajectory noise, we

only calculate the tip when the segmentation maps capture the general shape of instrument.

Specifically, the instrument regions must satisfy two conditions: 1) the ratio of the instrument

area and its convex hull area should be greater than 0.6; 2) at least one vertex of the enclosing

triangle is inside the endoscopic view.
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Kalman filter for tracking. The state-space representation of the instrument movement

[26] is

sk+1 = Φksk + wk (5.1)

zk = Hksk + vk (5.2)

where sk = [xk, yk,4xk,4yk]T is the state vector of the system, which consists of the position

and velocity of the target; zk = [xk, yk] is the measurement vector of the target position;

Φk is the state transition matrix and Hk is the measurement matrix; wk is the vector of

process noise, i.e. E{wkwTk } = Qk; vk is the vector of measurement noise, i.e. E{vkvTk } =

Rk. In the target dataset UW-Sinus-Surgery-C, the instruments were handled by surgeons.

Accurate dynamic system modeling for instrument movement is also a challenging task and

is not within the scope of this study. To obtain a coarse approximate model, we adopt the

assumption that the velocity is constant between two adjacent frames [27]. Therefore, Φk is

defined as

Φk =


1 0 1 0

0 1 0 1

0 0 1 0

0 0 0 1

 (5.3)

Hk is defined as

Hk =

1 0 0 0

0 1 0 0

 (5.4)

In addition, we also apply the Kalman filter to smooth the tracking data collected by the

optical surgical navigation system. When the light of sight requirement is not satisfied, the

optical tracking system cannot detect the location of the instrument or endoscope, which is

then estimated using the Kalman filter.

5.2.3 Instrument and Endoscope Trajectory-based Skill Assessment

Motion metrics. The following motion metrics are explored in this work:

(1) Total operative time is the total time to perform the surgery [93, 47, 70].
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(2) Idle time (2D&3D1) is the total time when the instrument is still [93]. In this work,

we calculate the idle time from surgical videos and the 3D tracking data of the instrument

using different methods. For the surgical videos, we estimate the idle time based on the

corresponding instrument segmentation maps. We estimate instrument movement using

the mDice [109] between instrument regions in consecutive frames and the larger mDice

corresponds to smaller movement. We count idle time as when the mDice is greater than

a threshold, which is empirically chosen as 0.98. For the instrument trajectories in the 3D

space, we use the same method as previous work [93], i.e., the instrument was considered as

still when its velocity is less than a certain threshold. The threshold is empirically chosen as

5mm.

(3) Path length (2D&3D) is the total distance traveled by the instrument or endoscope

tip [93, 47, 37, 58].

(4) Average velocity (2D&3D) of instrument tip [93, 47, 70, 37].

(5) Average acceleration (2D&3D) of instrument tip [93].

(6) Average smoothness (2D&3D) is the average change in instrument tip acceleration

[93, 47, 70].

(7) Economy of volume (3D) [93] estimates the ratio of space traveled by the instrument

to the path length, i.e., it is calculated by

EoV =
3
√

[max(X)−min(X)] · [max(Y )−min(Y )] · [max(Z)−min(Z)]

path length
(5.5)

(8) Path length of relative movements between the instrument and endoscope (3D).

To calculate these motion metrics, we first choose a data resampling rate and calculate the

path length, average velocity, acceleration, and smoothness between adjacent data points.

Then the total path length of a trajectory is calculated as the cumulative sum of the local

path lengths. For the 3D trajectories, the economy of volume is further calculated based on

the total path length. Also, the average velocity, acceleration, and smoothness throughout

1’2D&3D’ indicates that the idle time is calculated on both surgical videos (2D) and 3D instrument
trajectories. Metrics (3-8) are noted in the same way.
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a trajectory are calculated as the average of the local average velocities, accelerations, and

smoothnesses, respectively.

Statistical Analysis We perform statistical analysis to determine if a motion metric is

related to surgical skill. The experiments are conducted on the UW-Sinus-Surgery-C dataset

(see Section 2), in which the surgical performance presented in each video is labeled with the

OSATS scores. The OSATS scores were generated by three expert surgeons reviewing the

videos without the knowledge of the surgeons. There is a high diversity within scores given

by different experts. For the total of 150 skill metrics (15 metrics for each video), the experts

provided the same scores on only 22 metrics. On 81 metrics, two of the experts provided the

same scores, and all experts gave different scores for the last 47 metrics. In this work, we

average the three OSATS scores of each motion metric for the statistical analysis. A better

method to combine the scores given by different experts should be explored in the future.

We calculate the Pearson’s correlation coefficient between each motion metric and OSATS

scores to evaluate if the metric can reveal or is related to the surgeons’ skill levels. To

determine the significant levels of these correlations, we perform multiple testing correction

via false discovery rate (FDR) adjusted by Benjamini-Hochberg procedure [92].

5.3 Experiments and Results

5.3.1 Dataset.

We conducted experiments on the UW-Sinus-Surgery-C dataset, in which each video has

OSATS scores generated by expert surgeons (see Section 2). The dataset consists of two

types of data, 1) surgical videos (30fps) and 2) the tracking data of the endoscope and

instrument collected by a surgical navigation system with a sampling rate of 10 Hz.

5.3.2 Statistical Analysis Results

We compared the correlation between the motion metrics and the corresponding OSATS

scores. Since surgical phases are not studied in the current work, we only evaluated correla-
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tions between motion metrics and the following 5 OSATS skill metrics: 1) Use of endoscopes;

2) Instrument handling; 3) Time and Motion; 4) Flow of Operation; 5) Overall surgical per-

formance [66]. Table 5.1 shows the Pearson’s correlation coefficients between motion metrics

and OSATS scores. The motion metrics in Table 5.1 were calculated either from the surgical

videos or the navigation-based tracking data, with a resampling rate of 3 Hz. The total

operative time, all vision-based metrics, economy of volume of the 3D trajectories, and the

path length estimated based on the 3D instrument trajectories had p-values less than 0.05

for their correlations with several OSATS scores, but none of the correlations were statis-

tically significant according to FDR correction. Further, we assessed the sensitivity of the

correlations between motion metrics and OSATS scores to the sampling rates. In Figure

5.2, we plotted the p-values of the correlations between motion metrics and OSATS overall

surgical performance scores with test sampling rate from 1 to 5 Hz. The total operative time,

path length, and economy of volume had stronger correlations with skill levels and were less

sensitive to different sampling rates than other motion metrics. When using surgical videos,

appropriate sampling rates that better reveal local velocity, acceleration, and smoothness

led to stronger correlations between average velocity, acceleration and smoothness, and skill

levels. In contrast, the relationships between the average velocity, acceleration, and smooth-

ness of the 3D trajectories and the skill levels were weaker, no matter what sampling rate

was chosen.

5.4 Discussions and Conclusions

In this work, we studied the relationship between surgical instrument movements and sur-

geons’ skill levels in cadaveric endoscopic sinus surgery. The results provide some insights to

guide future data collection and studies on objective skill assessment for real surgeries.

We calculated several motion metrics that have been validated in previous related work

on dry lab datasets [93, 47, 70, 37, 58]. The motion metrics were extracted from both

the instrument trajectories in the surgical videos and surgical navigation data in the 3D

space. Table 5.1 and Figure 5.2 show that 1) total operative time, 2) idle time, 3) average
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Table 5.1: Pearson’s correlation coefficient between OSATS scores and automated motion
metrics.

Motion Metrics

OSATS metrics, Pearson’s correlation coefficient (p-value)

Use of Instrument Time and Flow of Overall

Endoscopes Handling Motion Operation Performance

Total oper. time (1) -0.78(0.008**) -0.77(0.009**) -0.86(0.002**) -0.73(0.02*) -0.73(0.02*)

Vision-based metrics

Idle time (2) -0.67(0.04*) -0.80(0.005**) -0.70(0.02*) -0.65(0.04*) -0.65(0.04*)

Path length (3) -0.63(0.05*) -0.70(0.03*) -0.73(0.02*) -0.67(0.03*) -0.66(0.04*)

Ave. velocity (4) 0.73(0.02*) 0.65(0.04*) 0.75(0.01*) 0.62(0.06) 0.61(0.06)

Ave. acceleration (5) 0.76(0.01*) 0.67(0.03*) 0.79(0.007**) 0.67(0.04*) 0.65(0.04*)

Ave. smoothness (6) 0.78(0.008**) 0.68(0.03*) 0.80(0.006**) 0.69(0.03*) 0.67(0.03*)

Navigation-based

metrics

Endoscope

Path length (3) -0.43(0.21) -0.58(0.08) -0.63(0.05) -0.47(0.17) -0.49(0.15)

Ave. velocity (4) 0.30(0.40) 0.10(0.77) 0.13(0.73) 0.21(0.55) 0.19(0.59)

Ave. acceleration (5) 0.28(0.43) 0.14(0.69) 0.17(0.64) 0.24(0.51) 0.20(0.58)

Ave. smoothness (6) 0.31(0.38) 0.18(0.62) 0.20(0.58) 0.27(0.44) 0.24(0.50)

Economy of volume (7) 0.75(0.01*) 0.64(0.05*) 0.64(0.05*) 0.62(0.06) 0.67(0.03*)

Instrument

Idle time (2) -0.56(0.09) -0.55(0.1) -0.63(0.05) -0.48(0.16) -0.48(0.17)

Path length (3) -0.54(0.11) -0.61(0.06) -0.65(0.04*) -0.57(0.08) -0.60(0.07)

Ave. velocity (4) 0.14(0.71) 0.09(0.80) 0.10(0.78) 0.08(0.82) 0.05(0.89)

Ave. acceleration (5) 0.11(0.77) 0.13(0.72) 0.14(0.69) 0.11(0.77) 0.06(0.88)

Ave. smoothness (6) 0.12(0.74) 0.14(0.69) 0.15(0.67) 0.13(0.73) 0.07(0.84)

Economy of volume (7) 0.65(0.04*) 0.49(0.15) 0.54(0.11) 0.56(0.09) 0.61(0.06)

Relative movements

Path length (8) -0.47(0.17) -0.50(0.14) -0.52(0.12) -0.46(0.18) -0.50(0.14)

* i) p-values < 0.01 are marked with ‘**’, p-values < 0.05 are marked with ‘*’; ii) In the

first column, the number after each motion metric is their ID in Section 5.2.3, where a

detailed explanation of the metrics can be found.
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Figure 5.2: The p-values of the correlations between motion metrics and overall performance
scores (OSATS) when using different sampling rates. Left : vision-based metrics. Middle:
3D endoscope trajectories-based metrics. Right : 3D instrument trajectories-based metrics.

velocity, acceleration, and smoothness of the instrument trajectories in the surgical videos,

and 4) economy of volume of the surgical navigation data in the 3D space were related

with skill levels to some degree. However, none of the motion metrics reached statistical

significance according to the FDR-based multiple testing correction. One reason for this

result is that the noise in instrument tracking data may adversely affect skill level analysis.

When instrument trajectories were extracted from the surgical videos, although the proposed

method is simple, its tip tracking performance was acceptable because the geometric method

was performed based on accurate segmentation maps provided by the method proposed in

Chapter 3. However, to investigate skill assessment on other datasets in the future, exploring

more advanced vision-based tip tracking methods is necessary. For the navigation data, the

Kalman filter was used to estimate the location of the instrument and endoscope when the

tracking markers were occluded. However, in the studied surgeries, the tracking missing rate

can be up to 40% for the instrument and up to 25 % for the endoscope. The approximate

instrument movement model used in this work may not be enough to cope with such high

tracking missing rate. To achieve more accurate tracking, methods for fusing multiple sensor

data, such as combining the 3D tracking data with instrument segmentation results, should

be considered in the future.

Moreover, our current dataset is not large enough (10 videos in total) for statistical



63

analysis and more surgical videos with skill levels labeled should be collected in the future.

On the other hand, as discussed at the beginning of this Chapter, rating skill levels with

OSATS is still subjective. Therefore, future work on objective skill assessment should not

only rely on OSATS or other surgical skill evaluation rubrics to generate labels. Information

such as surgical phases and treatment outcomes should also be collected and studied.
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Chapter 6

CONCLUSIONS AND FUTURE WORK

This dissertation focuses on developing models that can leverage temporal information

throughout surgical videos to improve segmentation, as well as exploring domain adaptation

technologies to enhance the generalization ability of surgical instrument segmentation mod-

els. We also conducted initial studies on automatic and objective surgical skill assessment

based on the segmentation results. To evaluate the proposed methods, an endoscopic sinus

surgery dataset that consists of challenging, low-quality surgical images was proposed.

6.1 Temporal Information-based Segmentation Methods

We developed a model that aggregates video frame features temporally and spatially to

improve instrument segmentation performance [72]. The process of passing and aggregat-

ing features throughout frame sequences can be approximately considered as distributing

the computation load of deep feature extraction over sequential frames, which allows using

lightweight encoders to reduce the computation costs. This work is among the first few

studies that use the information to achieve more robust instrument segmentation. The pro-

posed method directly concatenates feature maps of adjacent video frames without warping

the previous feature maps to cope with the instrument movements between frames. As the

instrument location differences are usually small in neighboring frames, this approach is

acceptable for feature aggregation between most frames. However, to further improve the

performance, methods that can accurately match the corresponding features between the

previous and current feature maps to guide feature aggregation is necessary. Moreover, the

other two topics explored in this work, i.e., domain adaptation and objective surgical skill

assessment, could be benefit from better approach of extracting temporal information, which
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will be investigated in the future.

6.2 Domain Adaptation for Instrument Segmentation

In this work, we proposed two unsupervised domain adaptation methods that transfer knowl-

edge based on pixel-level and feature-level alignment, respectively. The first method LC-GAN

focuses on improving image-to-image translation, which aims to map an image from one do-

main to images that have characteristics of another domain [76]. By translating images

between different domains, the models trained on the domains that have labeled datasets

can be leveraged to perform tasks on other domains without labels. The other method CTN

tries to match the feature space of images from two domains based on feature clustering

information [71]. The feature clusters of the unlabeled datasets are pushed toward their cor-

responding cluster centers of the labeled dataset to obtain pseudo labels for tuning models

on the unlabeled data.

In the proposed live sinus surgery dataset, there are several types of instruments that

do not exist in the cadaver dataset. Among these instruments, electric cautery has a very

different appearance from the instruments used in the cadaver dataset. Considering this

situation, when implementing LC-GAN, live images with electric cautery were excluded

from the training phase as they make it more difficult for the translation models to converge.

However, in real-world applications, it is common that a target dataset involves knowledge

that does not exist in a source dataset, and such a need of selecting data with shared

knowledge between domains will impede the application of this method. This partially

motivated the development of CTN. The distances between an image feature and the feature

cluster centers of a certain domain are related to the feature’s similarity to this domain. In

the future, we plan to explore using the clustering information to guide data selection for

training the image translation models. On the other hand, both proposed methods were

only implemented to transfer knowledge between pairs of datasets from different domains.

As a source domain may not include all knowledge needed for performing tasks on a target

domain, another future work will be exploring models that can efficiently acquire knowledge
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from multiple source domains.

6.3 Objective Surgical Skill Assessment

We studied the relationships between several motion metrics of instrument trajectories and

surgical skills presented during 10 cadaver surgeries [74, 73]. Although these motion metrics

have been demonstrated for skill assessment on dry lab datasets, the statistical analysis

results indicate that only using motion metrics may not be enough to evaluate skill during

real surgeries, and more data should be collected to further evaluate them. Further, previous

work mainly focused on classifying skill levels, while providing explicit suggestions to medical

students and surgeons are highly needed. Our work focused on instrument segmentation due

to time constraints, but we plan to explore if the segmentation results could be used to guide

the deep models to extract more skill information from both the instrument and background

regions of surgical videos in the future.
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