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Endoscopic endonasal surgery is a medical procedure that utilizes an endoscopic video camera

to view and manipulate a surgical site accessed through the nose. Despite thethese surgeries

being video recorded, these videos are seldom reviewed or even saved in patient files due to

the size and length of the video file. Editing to a manageable size may necessitate viewing

3 hours or more of surgical video and manually splicing together the desired segments. We

suggest a novel multi-stage video summarization procedure utilizing deep semantic features,

tool detections, and video frame temporal correspondences to create a representative sum-

marization. Summarization by our method resulted in a 98.2% reduction in overall video

length while preserving 84% of key medical scenes on our data set. Furthermore, resulting

summaries contained only 1% of scenes with irrelevant detail such as endoscope lens clean-

ing, blurry frames, or frames external to the patient. A commercial summarization tool not

designed for surgery only preserved 57% of key medical scenes in similar length summaries,

and included 36% of scenes containing irrelevant detail.

The specific research contributions are then as follows:

1. A method of automatic summarization of endoscopic videos

2. The application of convolutional neural network frame classifiers based on convolutional

neural networks towards more accurate summarization



3. A method of detecting shot boundaries based on convolutional features

4. The creation of a tool detection dataset in endoscopic videos

5. The analysis of several computer vision object detectors in the application of the created

dataset

6. The utilization of tool presence to identify surgical stage

7. The use of surgical stage to improve item 1 summarization accuracy

8. The creation of an application and GUI to automatically create video summarizations
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Chapter 1

INTRODUCTION

1.1 Background

Chronic sinusitis is one of the top twenty ambulatory care diagnoses and generates approxi-

mately 2.7 million office visits per year in the US alone[1]. It is often treated by endoscopic

sinus surgery (ESS) in which an endoscopic camera and medical instruments are used to gain

access to the sinus through the nose. Endoscopic endonasal surgery is also an integral com-

ponent of endoscopic skull base surgery (ESBS), a more complex surgery to treat pathology

of the deeper skull base and pituitary gland. [2][3]. Over 250,000 ESS’s are performed in

the USA annually[4]. Figure 1.1 shows a graphic of ESBS suing endoscopic instruments to

access a skull base brain tumor.

Figure 1.1: Side view of an endonasal surgical approach[5]

These surgeries vary widely in duration, ranging from one hour for simple ESS procedures

to over 10 hours for the most complex ESBS. While it is common to use a live real-time video
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feed from the endoscope to permit execution of these surgeries, it is uncommon for this feed

to be archived and, on the rare occasions that the video is recorded, the result is a lengthy,

large video file. Surgical videos can be used for documenting and communicating medical

information between medical providers and with patients, training and supervision of novice

or aspiring surgeons, assessment of surgical skill, or legal review. For easy use, an ideal record

includes a concise, roughly 3 minute video summary that includes all of the most relevant

stages of a surgery. It also preserves key examples throughout the temporal history of the

surgery. For example, a surgery including tumor dissection and removal should include

frames of the tumor being resected. Unfortunately, manual summarization is a tedious

task requiring specialized medical knowledge. The intention of this work is to create a

pipeline using Machine Learning and computer vision to create an automatic summarization

of medical endoscopic surgical videos. More specifically, we initially focus on Endoscopic

Skull Base Surgery video (ESBS).

Domain-Specific Knowledge To accomplish this goal, domain-specific surgical knowl-

edge is applied to improve the selection methods over current techniques. This domain-

specific knowledge helps to solve three primary problems: (i) classification of surgical frames

to eliminate not informative or invalid frames,(ii) identification of surgical instruments to

prioritize frames of high impact, and (iii) understanding of video content and surgical flow

in order to improve the frame selection. An example of (i) can be seen in figure 1.2, which

shows a series of frames that lend no information as to what is happening in the video. These

can include frames from outside the patient, blurry frames, or frames in which the tool is

obscured by flushing/cleaning of the endoscope lens. Such frames should be removed prior

to creating representative summaries.

Based on input from expert surgeons, the vast majority of key medically relevant events

within a video occur during instrument use. These events, for example, include dissecting

a tumor, and cutting or relocating tissue. Furthermore, important video segments generally

utilize a subset of instruments found in the video. For instance,during a key scene of ’re-
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Figure 1.2: Frames from endonasal surgery that are not informative and should not be

included in a sugical summary

moving sellar floor’, frame sequences with a drill are more representative than with a frame

sequence with only the suction instrument. It is therefore useful to identify what instruments

are in each video frame (ii).

For domain-specific knowledge of video content(iii), there two primary mechanisms that

are exploitable in the creation of summarization. First, a surgical procedure may generally

be broken into three stages:

1. Approach

2. Operation

3. Reconstruction

The Approach stage is when the surgeon navigates to the key surgical site. This generally

involves navigating through the nasal cavity and removing tissue and bone to provide optimal

tool access to the surgical field. The Operation stage involves the primary medical operation

such as tumor resection. Finally, during the Reconstruction stage, the conduit created
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Figure 1.3: Tool Examples. (Left to Right): (Forceps, Suction), Ring Curette,

Rongeur/Punch, Scissors, Drill, Cauterizer

between the nasal cavity and the intracranial space is closed using synthetic or patient-

derived autologous tissue such as bone or mucosa. Often the reconstruction construct is

fixed in position using fibrin glue. The primary tools used are shown in Table 1.1.

Surgical Stage Tools

Approach Suction, Forceps, Drill, Rongeur, Punch

Operation Ring Curette, Forceps,Scissors, Suction

Reconstruction Scalpel, Forceps, Suction, Cauterizer

Table 1.1: Surgical Tools in use at each stage

Secondly, a surgical video is naturally broken into segments: A surgeon often controls

the endoscope to achieve stable, continuous video on a surgical site until the surgeon has

completed a given action, at which time the scene changes. It is common for these scene

changes to accompany removal and reinsertion of the endoscope entirely as the surgeon

changes instruments or shifts view.

Therefore, we propose a pipeline that identifies potentially valid video frames, detects

instruments in such frames, separates the video into its constituent stages, finds shot bound-

aries by identifying high frame movement, identifies best segment within each shot, and
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creates a resultant video summary.

1.2 Research Contributions

The specific research contributions are then as follows:

1. A method of automatic summarization of endoscopic videos

2. The application of convolutional neural network frame classifiers based on convolutional

neural networks towards more accurate summarization

3. A method of detecting shot boundaries based on convolutional features

4. The creation of a instrument detection dataset in endoscopic videos

5. The analysis of several computer vision object detectors in the application of the created

dataset

6. The utilization of instrument presence to identify surgical stage through the application

of a Hidden Markov Model

7. The use of surgical stage to improve item 1 summarization accuracy
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Chapter 2

LITERATURE REVIEW

Video Summarization is a large field of research with contributions originating from many

domains. These domains include works on: (i) video summarization, (ii) frame classification

and object detection, and (iii) scene understanding

2.1 Video Summarization

Video Summarization is an algorithmic procedure in which a lengthy video is the input and

a video of reduced length and content is the output. Ideal summaries may be used as a

stand-in for the original video while minimizing information lost. Potapov et al. [6] sets a

video summarization terminology that breaks a single video into shots: video segments that

are distinct in nature (such as a shot of someone walking vs. a shot of someone blowing out

a candle within the same video) and subshots: representative subsections of the whole shot.

The general flow of video summarization is therefore a two-stage approach: 1) Detect and

generate boundaries between unique shots and 2) select frames within those boundaries that

are most representative (Figure 2.1).

Shot Boundaries are identified in a variety of ways. Mei et al. [7] and Kim et al.

[8] propose detecting shots based on overall frame movement as determined by calculating

an affine transformation between consecutive video frames. Jin, Tao, and Xu [9] found

shot boundaries by creating a hidden Markov model of distinctive scene qualities in soccer

videos: blur, zooming, playback, and object detection. Potapov et al. [6] uses a kernalization

method to compare dot product distance of frame descriptors, then chooses shot boundaries

that minimize the distance for a pre-chosen number of boundaries.

Boiman et. al, creators of the commercial Magisto[10] system, [11] patented a system
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Figure 2.1: High Level concept of Sub-problems video summarization

of proprietary scene descriptors, which was later extended to Scene subshot selection by

comparing frames to an external database of descriptors, allowing an importance ranking

and frame grouping by reference distance. [12]

Subshot Selection also has a large variety of methods including a method of quantifying

the relevance or importance of frames along with a method to select the best result. Potapov

et al. [6] trains a Support Vector Machine (SVM) classifier to predict frame importance based

on keypoint feature descriptors that have been dimensionally reduced through Singular Value

Decomposition (SVD). More recent methods include Convolutional Neural Networks (CNNs)

to generate feature descriptions rather than traditional keypoint methods. Otani et al. [13]

utilizes a trained CNN to vectorize frames into an n-dimensional semantic feature space and

a K-means classifier to select segments closest to the segment mean. Zhu et al. [14] similarly

extracts semantic features from a trained CNN, but includes temporal information in a Deep

Neural Network combined with skip connections to learn temporally consistent proposals

in an end-to-end manner. Zhang, Grauman, and Sha [15] further combines CNN features

with an encoder/decoder based Long Short-Term Memory Network (LSTM) structure that

chooses a sequence of images with the lowest weighted distance when compared with the

overall segment sequence.
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2.2 Frame Classification and Object Detection

Although the previous section establishes some procedure options for general video sum-

marization, none utilize domain-specific knowledge of endonasal surgeries. In practice, any

general summarization method would rapidly encounter difficulties. (See Magisto compar-

ison in Results section) This is because that there are large sections of video that are not

necessary (such as footage from outside the patient or video of a surgeon navigating to the

surgical site) (Figure 1.2). Furthermore, none utilize the instrument knowledge to more

effectively find the best sequence of frames.

Frame Classification is a well-studied problem in computer vision literature. Popular

models powered by Convolutional Neural Networks (CNNs) such as Resnet[16] and Efficient-

net[17] have dominated recent work. These networks allow for effective and robust feature

extraction that is easily adapted for classification when combined with a softmax output.

Within the domain, Adidharma et al. [18] utilizes K-means clustering to separate endonasal

video frames and identify noninformative frames based on color and blurriness of features.

General Object Detection is also a well explored space in computer vision, utilizing

large image sets like the popular COCO[19] dataset. Yolo-V3[20] and Yolo-V4 [21] use a fully

convolutional neural network bottle-necking into 1x1 convolutions which are then upscaled to

a variety of scales, simultaneously feeding into convolutional heads for objectness, box center

position, box size, and classification. Faster-RCNN [22] uses a convolution neural network

to compare a series of box-shaped ’anchors’ at different scales and perform classification of

each anchor box. Centernet [23] uses a convolutional network to regress a pixel-wise keypoint

prediction for each class, where the keypoint is the center of the bounding box. The box

size is then regressed from the bounding box center. These just represent a small number of

top-performing proposed Neural-Network based architectures, which have been applied to a

large variety of tasks and datasets.

Medical Object Detection is a more specific application of object detection in which

instruments or other items are identified. Lee et al. [24] compares several detector frameworks
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to identify and detect medical tools sitting on a bench. Liu et al. [25] compares several

architectures for the purposes of bounding box detection on the EndoVis dataset [26], and

also modifies the Centernet architecture to achieve slightly improved performance. Shi et al.

[27] similarly measures a variety of architecture performances on the Chloec80 dataset and

proposes an attention-based architecture for improved performance. Although the surgical

tool detection field has been well studied, previously used datasets typically contain visually

distinct objects in a relatively clear environment. Practical endonasal surgical tool video

scenes are much visually challenging, and are much less studied. To our knowledge, there is

no publication regarding tool identification and detection in the endonasal surgical setting.

Endonasal Instrument Identification is an unstudied problem. However, tool seg-

mentation in an endonasal environment is a well considered problem. Qin et al. [28] Con-

siders instrument segmentation in an endonasal surgical environment, but only considers

single-class binary ’tool’ or ’no-tool’ instrument localization. Lin et al. [29] extends this

work by considering consecutive frames as input, but keeps binary representation. Qin et al.

[30] also seeks to use spacio-temporal information in the analysis of binary tool segmentation

in an endonasal environment. Unfortunately, all are unsuited to tool identification due to

lack of multiclass labels.

Annotation for segmentation is known to be extremely expensive to the point where

a variety of augmented learning frameworks have been proposed to reduce the annotation

expense [31]. Bounding box annotations are easier to generate and are thus more economical.

2.3 Scene Understanding

Surgical Stage Estimation is the identification of the general step taking place in a section

of surgical video. This may include precise surgical action such as ’Removing Tumor’ or

’Controlling Bleed’, or may include more general actions such as ’Reconstruction’. This topic

has a large amount of academic literature that attempts to define the optimal way to identify

the surgical stage. Garrow et al. [32] summarizes the current state of literature, noting that

most methods that attempt to understand surgical stage utilize Hidden Markov Models



10

(HMMs), Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs) or

Recurrant Neural Networks (RNNs) to achieve these goals. Nearly all attempts on surgical

stage estimation are in regards to laparoscopic cholecystectomy (LC), and do not extend their

methodologies to other types of surgery such as endonasal surgery. LC is beneficial because of

relatively clean images and well-defined phases. One top performer in LC application utilized

a LSTM tied to the deep convolutional output of a CNN to directly classify surgical stage[33].

This work was later expanded to directly add a multi-task function to simultaneously learn

surgical tool detections along with the tool stage[34]. On the same dataset, Cadène et al. [35]

uses a CNN to extract frame-by-frame features, then uses a temporal smoothing approach

using Hidden Markov Models to improve detection performance.

Hidden Markov Models In addition to aiding cameras in surgical stage estimation,

Hidden Markov Models have been found useful for action recognition in a variety of tasks.

DiPietro et al. [36] uses a HMM trained with sensor input to estimate surgical phase. Han-

naford and Lee [37] uses HMM models for task prediction and analysis for a telerobotic

operator. Overall, Hidden Markov Models are extremely robust mathematical models that

help encode human domain knowledge about state probabilities in action recognition.
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Chapter 3

TECHNICAL BACKGROUND

3.1 Convolutional Neural Networks

3.1.1 Neural Networks

Neural Networks and their more advanced counterparts are the backbone of modern vision

processing. A neural network consists of a vector input ’X’, some expected vector output

’Y’, and some number of ’hidden’ states Z. each distinct value state is colloquially known as

a ’neuron’. This can be seen visually seen in figure 3.1. The value assigned to a non-input

Figure 3.1: Simple model of a linear neural network (Left) a set of ’neurons’ organized into

neural network. (Right) Single Neuron

neuron is then given in equation 3.1, also known as the forward step.

yj = σ(
∑
i

Wjiyi + bj) = σ(k) (3.1)

where yj is the output of the j’th neuron, wji represents the linear weight from neuron i to

neuron j, σ is an activation function such as ReLu or sigmoid.



12

For a given loss function ℓ(Y ) : ℜn ⇒ ℜ, where Y is the vector concatenation of all

output neurons in a given layer, the neural network can be updated according to gradient

descent. A single Neuron weight update is shown below

wji = wji − a(
∂(ℓ)

∂wji

) (3.2)

where a is the learning rate and (∂(ℓ)
∂W

) may be calculated by finding:

∂(ℓ)

∂(wji)
=

∂(ℓ)

∂(xj)

∂(xj)

∂(wji)
=

∂(ℓ)

∂(xj)
yi (3.3)

∂(ℓ)
∂(xj)

is known from the following calculation, shown in further detail in [38].

∂(ℓ)

∂xj

=
∂(ℓ)

∂(yj)

∂(yj)

∂(xj)
(3.4)

This function has slightly different form of each activation function. For the simply differ-

entiable and common sigmoid[38],

∂(ℓ)

∂xj

=
∂(ℓ)

∂(yj)
yj(1− yj) (3.5)

Where ∂(ℓ)
∂(yj)

is known by delta approximation of the output function compared to the actual

result. This procedure can be generalized to any number of layers and any size of hidden

layers. Analogous calculations can be used to determine the update parameter for b.

Most commonly, and in the context of this thesis, neural networks are trained in a

supervised manner. That is, loss ℓ is directly calculated from predicting an output from a

given input, and comparing to a known exact reference.

3.1.2 Convolutionional Neural Networks

While neural networks form the backbone for theory and implementation of many modern

machine learning tasks, modern machine learning frameworks for vision processing rely on

convolutional operations rather than linear connections between layers as shown in the previ-

ous section. Consider a 2-dimensional image I with dimensionality [nxm]. The convolutional
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output matrix Y (forward equation) is given by equation

Y [m,n] = (I ∗ h)[m,n] =
∑
j

∑
k

h[j, k]I[m− j, n− k] (3.6)

where j,k are the dimensions of a kernel h. This may be visually shown by the figure below.

3.2.

Figure 3.2: Simple convolution example. (Left) Input Image has a sample element-wise

convolution applied to create an example convolutional output

In this instance, the weights may once again be calculated by back-propagation where

the goal is once again to calculate ∂(ℓ)
∂Ijk

and ∂(ℓ)
∂hmn

:

∂(ℓ)

∂Ijk
=

∂(ℓ)

∂(Ymn)

∂(Ymn)

∂(Ijk)
(3.7)

where ∂(Ymn)
∂(Ijk)

is the summation of the filter weights of hjk that impact the output Ymn.

Finally,
∂(ℓ)

∂hjk

=
∂(ℓ)

∂Ymn

∂(Ymn)

∂hjk

(3.8)
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where ∂(Ymn)
∂(hjk)

is the linear combination of every term of the input image I impacted by

the filter element hjk

3.1.3 Resnet

There are many neural networks architectures in use today, to the point where it is impossible

to mention them all. For the purposes of this paper, two backbones of this paper will be

mentioned: Resnet[16] and Efficientnet [39].

Resnet [16] uses a series of cascaded convolution blocks to learn image features at var-

ious levels. This utilizes a series of 3x3 convolutions at a given image size. Then, a 3x3

convolutional block with stride = 2 is used to reduce the image size in half for the next

series of convolutions. This allows the convolutions to adapt to features of different scales.

In addition, Resnet adds ’residual’ connections, which is simply an identity tie the input of

a set of convolutional blocks to the output as follows:

y = F (x) + x (3.9)

where y is the output of a set of convolutional blocks, x is the input, and F (x) is the feature

Figure 3.3: Resnet Architecture

updates made by the convolutional set. This helps to avoid a common issue in Convolutional
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neural networks: vanishing gradient. By incorporating deeper and deeper Convolutional

neural networks that include more and more layers, it is easy to imagine that the gradient

or contribution of loss for a great many model parameters approach 0. Especially given the

constraints of floating-point arithmetic, this causes numeric instability. By including a ’side

path’ in which the output of a set of convolutions is added to its identity input, numerical

instabilities are reduced, as any locally tiny gradients would simply cause the layer to adopt

its identity. See Figure 3.3 for a graphical representation of the residual connections and

backbone. ’Backbone’ is used to relate the unique convolutional feature architecture. Such

a CNN can be generalized to many tasks: Resnet has been used for image classification by

applying a simple fully connected layer to the output of the Resnet, has been used for object

detection as we will see in a later section, or image segmentation.

3.1.4 Efficientnet

Efficientnet[39] is the Second CNN used in the final implementation of this paper. In essence,

this is extremely similar to the Resnet architecture, with only a couple structural differences.

First, the convolutional ’blocks’ are structured in an inverted way according to [40]. This

essentially increases the number of channels in a block by adding a large number of inex-

pensive 1x1 convolutions before the 3x3 convolutions. Moreover, Efficientnet meticulously

analyzes the optimal depth (number of sequential layers in the CNN) vs the optimal width

(size of each layer). Both depth and width increase the complexity and improve the theo-

retical performance, but both increase number of parameters as well. Efficientnet finds the

empirically best balance between these factors.

3.2 Faster RCNN Object Detection

As will be discussed further in this paper, the faster-RCNN object detection framework[22]

will be the primary methodology used to detect objects in an image. Faster-RCNN is a

two-stage object identification and classification pipeline. (See Figure 3.4 In the first stage,

an input image is run through a fully convolutional neural network backbone such as Resnet.
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Figure 3.4: Faster R-CNN Architecture

The output is a reduced-dimensionality feature map similar in shape to the original image

but smaller in height and width. 9 ’anchors’ are then used for each corresponding ’pixel’ of

the output feature map of various sizes. For example, a 3x1 rectangular box, 1x3 rectangular

box, and 2x2 square box centered on a target pixel are used to evaluate different shape and

size regions of interest. To account for scale, this set is repeated for 3 different size region

boxes. See Figure 3.5 for representation.

Once regions are proposed, they are evaluated for Objectness and Regression through

the following formula (Equation 3.10:)

L({pi}, {ti}) =
1

Ncls

∑
i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑
i

p∗iLreg(ti, t
∗
i ) (3.10)

where Lcls is the classification loss,Lreg is the classification loss, i is the index of an anchor,

pi is the predicted probability of anchor i being an object, p∗i is the ground truth label (1

if anchor is positive, 0 if anchor is negative), t∗i is the ground-truth box associated with a

positive anchor, and λ is a balancing parameter.

Loss associated with the second stage regressor and classifier has the same form of the

equation (Eq. 3.10. Training may be done in an alternating fashion: training the RPN stage,
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Figure 3.5: Faster R-CNN Anchors. During Training, 3 different anchor boxes are evaluated

for object presence (yellow) This is repeated for different scale boxes (blue) Actual anchors

are computed on feature representation, not on input image as is shown

followed by the discriminator stage, and repeat. In our implementation, these are trained

concurrently.

3.3 Hidden Markov Models

L. Rabiner[41] does a very good job explaining the background and math of the Hidden

Markov Model. A hidden markov model (HMM) is a statistical Markov Model characterized

by a state S which is the ’true’ representation of a statistical object, but this state is not

directly observable. Instead, a set of observations tied to the states is able to be seen.

Overall, a hidden markov model requires 5 things:

1. A set of ’true’ states S = {S1, S2, ...Sn}

2. A set of distinct possible observations V = {v1, v2, ...vn}

3. State Transition possibility A = {aij} where aij = P [qt+1 = Sj|qt = Si, where qt is the

true state. i.e. the possibility that a state transitions from one state to another.
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4. Observation possibility distribution j, B = {Bj(k)} where Bj(k) = P [vk|qt = Sj], or

the probability that an observation occurs in a given state.

5. the initial state distribution π = {pii}

For a visual representation, please see Figure 3.6

Figure 3.6: Simple example of a fully connected Hidden Markov Model (HMM) with three

states and two possible observations

Based on the 5 criteria given above, we will also use λ = (A,B, π) to represent the

whole parameters of a HMM. Then, there are 3 basic problems for HMMS as given by L.

Rabiner[41]:

1. Given an Observation sequence and model, how to determine the probability of that

observation sequence given the model

2. Given an Observation sequence and model, how to uncover the ’optimal’ hidden states.

For our application, this roughly to finding the most likely set of hidden states that

explains the sequence of observations.
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3. How to adjust the parameters λ to best maximize P (O|λ) where O is a sequence of

observations

of these three, only 2 and 3 are important problems in the context of this application.

However, the mathematics behind 1 are crucial to the derivations of 2 and 3.

For 1. Determining P (O|λ), this may be simply conceived by saying:

P (O|λ) =
∑
allQ

P (O|Q, λ)P (Q|λ) (3.11)

However, making this calculation is computationally infeasible. We therefore use the for-

ward algorithm: (letting αt(i) = P (O1O2...Ot, qt = Si|λ) or the probability of the partial

observation sequence until time t and state Si at time t):

αt+1(j) = [
N∑
i=1

αt(i)aij]bj(Ot+1) (3.12)

that is, the probability of being in the given state is the summation of the sum of the

probability that the model is in each previous state at the previous time step multiplied by

the transition possibility. Then, at time T, P (O|λ) =
∑

i αT (i)

Analogously, the backwards algorithm is calculated to find the probability that, from a

given time t, the following states will adhere to a certain sequence of states:

βt(i) = P (Ot+1Ot+2...Oτ)|qt=Si,λ (3.13)

βt(i) = [
N∑
j=1

aijbj(Ot+1)βt+1(j) (3.14)

3.3.1 Viterbi Algorithm

With this background in place, we are ready to understand the solution to problem 2:

Determining the most likely state sequence for a given observation sequence. This is done

via the Viterbi Algorithm[41]: let

δt(i) = maxq1,q2,...P [q1q2...qt = i, O1O2...Ot|λ] (3.15)
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ie δt(i) is the highest probability along a single path that ends in state Si. Then, to find

iteratively:

δt+1(j) = [maxiδt(i)aij]bj(Ot+1) (3.16)

and

ϕt(j) = argmaxi[δt(i)aij)] (3.17)

where ϕ is keeping track of the argument that maximizes the iterative equation.

Finally, after the forward run is complete, the optimal path is given by:

q∗t = ϕt+1(q
∗
t+1) (3.18)

3.3.2 Baum-Welsh Algorithm

Figure 3.7: Visual representation of HMM forward and backward parameters. α represents

the probability that a model will be in state Siat time t. β represents probability that

following states may be seen from state Sj

The third problem: (how to update the parameters of a HMM based on available data)

is done as follows: define the term ξt(i, j) as the probability of being in state Si at time t

and Sj at time t+1:

ξt(i, j) =
αt(i)aijbj(Ot+1)βt+1(j)

P (O|λ)
(3.19)
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and define γt(i) as the probability of being in state Si at time t:

γt(i) =
N∑
j=1

ξt(i, j) (3.20)

Baum-Welsch helps define the parameter update for aij and bj(k):

āij =

∑T−1
t=1 ξt(i, j)∑T−1
t=1 γt(i)

(3.21)

¯bj(k) =

∑T
t=1

s.t.Ot=vk

γt(j)∑T−1
t=1 γt(i)

(3.22)

For our formulation in the following Methods section, we utilize a dedicated ’start’ state,

so calculations regarding initial probability are trivial.
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Chapter 4

DATASET

A new surgical instrument endoscopic video dataset was created with bounding box de-

scriptions and class labels to apply modern detection algorithms in the detection of surgical

instruments and eventual summarization. Bounding box descriptions outline each surgical

instrument in pascal-voc format [x min, y min, x max, y max], and class labels state the sur-

gical instrument of each bounding box. This data expands the UW Sinus Surgery Dataset

Figure 4.1: Example of a Bounding box annotation

[42], which provides segmentation labels for several cadaver and live videos, taken at 1hz in-

crements. Then, representative samples were pulled from an additional 7 videos biasing the
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selection towards lower frequency instrument objects, bringing the total number of images

to 7749 images. Separately, additional representative frames were taken from 3 additional,

independent videos to form a test set of 1743 images. Bounding box annotations were manu-

ally created for each image (Figure 4.1). Category labels were chosen from {No Instrument,

Suction, Rongeur/Punch, Drill, Forceps, Misc, Ring Curette, Cauterizer, Scissors}. These

represent the most common instruments in endonasal surgery.

Figure 4.2: Number of images contained within a dataset

Video quality was challengine as the dataset contained many occlusions, specular reflec-

tions, and similar geometry between objects. For example, the frame shown in Figure 4.3

shows 2 instruments with their ends occluded by skull geometry, making their identities

unclear. It is therefore expected that individual frame reference mean Average Precision

(mAP) values will be low.
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Figure 4.3: Example of a Difficult Bounding box annotation. An unfamiliar user is unable

to tell what tool is accompanying the suction tool (Left box) in this frame
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Chapter 5

METHODS

Figure 5.1: Block Diagram of overall process. (Left) An original video is fed into a computer

application. A series of classifiers identify if a scene is surgically informative by identifying

if a tool is in a scene and if the frame is inside a patient. (Middle) Frames are fed into a

tool detector to determine what section of surgery the video time is at. Meanwhile, a feature

extractor itentifies major scene jumps that correspond to scene changes. (Right)Finally, a

subshot is created from each scene that is determined to be medically relevant.

Similar to the reference literature, the Video Summarization task is broken up into several

sub-problems:

1. Irrelevant Frame Removal

2. Frame-by-Frame surgical instrument detection
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3. Scene understanding and Surgical Stage Estimation

4. Shot Boundary Detection

5. Video Frame Subshot Selection

6. Combination into Final Summary

The outline of this process is shown in Figure 5.1.

5.1 Irrelevant Frame Removal

To reduce video size into relevant parts, first blurry and non-operative frames (frames outside

the patient) were removed through a trained CNN. This is an extension of the work described

in Adidharma2021, in which frames were separated by k-means clustering. These separations

were then used to train an Efficientnet[39] CNN to discriminate against invalid frames. To

preserve a reasonable frame fidelity while balancing calculation time, each video was sampled

at 5Hz. A second CNN classifier was used to eliminate frames with no instruments present.

5.2 Tool Detection

After individual frames are approved by the irrelevant frame removal stage, the instruments

are identified by the next stage of the detection model. In this stage, we evaluated Faster-

RCNN[22], YOLO-V4[43], and Centernet [23]. All models utilized pretrained model weights

from the COCO dataset except for the final classification output layers. These models were

then fine-tuned on the dataset generated in section 4.

5.3 Surgical Stage Estimation

Surgical stage estimation is a crucial aspect towards generating meaningful and informed

summaries. As previously discussed, surgical stages are most simply broken down into an

Approach, Operation, and Reconstruction. Instruments are useful in identifying the surgical
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stage, but this is a non-deterministic relationship. For example, drills are most commonly

used in the approach stage while the surgeon is navigating to the surgical site to provide

instrument access. However, in some sample videos, the surgeon will later enlarge the access

feature by applying the drill in the middle of dissection. It is therefore helpful to model the

stages as hidden probabilistic states with sequential ordering. The result is a framework that

can easily be turned into a Hidden Markov Model (HMM)[41]. The available observations

of our HMM are the instrument detections: Forceps, Drill, Ring Curette, Misc, Rongeur,

Scissors, Cauterizer, and Only Suction. The resultant state model is shown in Figure 5.2.

Any frame that did not have a instrument present was ignored.

Figure 5.2: Hidden Markov Representation of surgical states. ”Hidden” states are: Approach,

Operation, and Reconstruction. Possible Observations are: Only Suction, Forceps, Drill,

Ring Curette, Misc, Rongeur, Scissors, and Cauterizer

Tuning the HMM The Baum–Welch algorithm[41] is applied to tune the HMM. First,

we apply a prior set of information (initial HMM parameters) that was manually derived

from low-level knowledge of the state dynamics. A HMM is based on a set of ’Emission’

probabilities describing the probability of seeing an observation in a given state: P (Yn|Xn),

where Yn is the observation and Xn is the hidden state. Additionally, an HMM is dependent

on the ’Transmission’ probabilities P (X+ = Xn|Xi) where Xi is the current state, X
+ is the
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next state, and Xn is another state. The prior emission and transmission probabilities are

initially estimated in tableA.1 and A.2 which may be found in the appendix. The result is

then updated based on the first 10 videos which are fit using the Baum–Welch algorithm.

Evaluating states using the HMM is done by the Viterbi algorithm [41], which

creates a state estimation by maximizing the probability over all possible sequences by using

the pre-calculated transition and emission probabilities.

X∗
0:T = argmaxX0:T

P [X0:T |Y0:T ] (5.1)

where X∗
0:T is the optimal estimation, Y0:T is the observation and X0:T is the hidden state.

5.4 Video Frame Shot Boundary Detection

Feature Extraction In endonasal surgical cases, there is a natural boundary between

surgical scenes caused by the rapid movement of the endoscope. Scenes of extended, similar

actions are generally followed by a removal of the endoscope in order for the Surgeon to

perform intermediate tasks such as changing or cleaning instruments, resting, or discussion of

next steps with other members of the surgical team. Furthermore, rapid endoscope movement

also corresponds to change in focus or scene. For example, a surgeon may linger on a single

location while removing material, then rapidly change the endoscope position to the next

location once the way is clear. Therefore, it is useful to identify segments containing rapid

endoscope movement and as natural video shot boundaries. As we did with the computation

of invalid frame classification, we used an Efficientnet CNN to extract the feature vector of the

CNN, creating 256-dimensional output. Efficientnet CNN was pretrained from the Imagenet

dataset with no additional modifications necessary to the CNN weights or parameters.

Boundary Detection After the 256-dimensional feature vector was created for each

frame as described as above, these features were then subject to a simple L2 distance mea-

surement along with a smoothing factor:

d (Ik, Ik−1,m) =

∑n=k+m
n=k−m

√∑256
i=1 (In,i − In−1,i)

2

2m
(5.2)
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where d is the distance between consecutive frames, I is the feature vector at frame k and

m is a smoothing factor in number of frames. Time stamps with high mean frame distances

then correspond to high scene motion.

Finally, frames with highest weighted distance are chosen in decreasing order until a

user pre-defined limit is reached. For example, to generate 3-minute videos, b = 45 frame

boundaries were chosen.

The number of boundaries were then split according to the number of relevant frames,

with the distribution favoring the Operation and Reconstruction stages. For example, if a

video shows {40%,40%,20%} of valid frames in the approach,operation, and reconstruction

stages, respectively, then the number of boundary weighting is chosen to be {30%,40%,30%}.

The mathematical breakdown is shown in equations 5.3 through 5.8

napproach = n({I1...Io|It ∈ V alid}) (5.3)

noperation = n({Io...Ir|It ∈ V alid}) (5.4)

nreconstruction = n({Ir...Imax|It ∈ V alid}) (5.5)

%operation =
noperation

N
(5.6)

%reconstruction = 1.5
nreconstruction

N
(5.7)

%approach =
napproach

N
−%reconstruction (5.8)

where Io is the threshold between approach and operation, Ir is the threshold between

operation and reconstruction, and N is the total number of valid frames The approach can

be lengthy and have fewer medically important actions, and is therefore under-sampled as a
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result. The Reconstruction, meanwhile, has quick actions in comparison and is over-sampled.

Therefore, the reconstruction is over-sampled by 50% compared to the detected ratio of valid

frames detected. This number of boundaries was then subtracted from the Approach stage

of the video. For videos with no approach such as those manually pre-cut to remove the

lengthy approach, the boundaries are instead removed from the operation stage of the video.

The instruments considered as valid were stage-specific and are shown in Table 5.1.

Surgical Stage Tools

Approach All except {Only Suction, Cauterizer}

Operation All except {Only Suction, Cauterizer}

Reconstruction All except {Cauterizer}

Table 5.1: Stage-specific Surgical Tools allowed when generating clips and deciding number

of boundaries per surgical stage

To prevent scenes of high movement from being over-represented, a frame boundary was

not chosen if it fell within a certain time of another boundary: a ’lockout time’. This prevents

the same scene boundary from being sampled multiple times. For example, if the video is

transitioning for 20 time stamps with very rapid movement, the lockout time prevents the

same endoscope movement from being chosen as a boundary multiple times.

5.5 Video Frame Subshot Selection

For our implementation of video summarization, we chose to use subshot representativeness

to dictate the best subshot.

R(k) =

n=k+clip length∑
n=k

∑N
i=1 d(In, In+i, 1)

N
(5.9)

where R(k) is the ”representativeness” of the clip starting at frame k, N is the total number

of frames in the scene, and I is the feature vector at frame i. In essence, this is a measure of
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the average L2 distance of a set of N frames to every other frame within a shot. Since low

L2 distance indicates that two frames are similar, the the lowest ”representativeness” score

indicates a clip that is most similar to the entire shot. Therefore, the best clip was chosen

as the clip that had the best ”representativeness” for each shot.

Best Clip = argmink(R(k)) (5.10)

Only frames with stage-specific instrument detections were used when calculating the

representativeness according to Table 5.1.
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Chapter 6

RESULTS

This section states the results and compares our final developed algorithm results with

commercial video summarization product (Magisto) [10].

6.1 Obscure Frame Removal

Blurry and External to the Patient frames were removed using the method of Adid-

harma et al. [18] . See Adidharma et al. [18] for performance.

Frames with no tools were identified using the Convolutional Neural Network of

Section 5.1 to identify frames containing tools. The performance is shown in figure 6.1.

Overall accuracy was 88%.

Figure 6.1: Confusion Matrix showing accuracy of different classes of video

Some misidentified frames are shown in Figure 6.2. With the characteristics of our video,
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even a human may have trouble detecting a tool in individual frames, and misidentified

images are often part of lower quality video segments in which the tool is occluded, difficult

to identify, or subject to poor lighting conditions. Such scenes would be poor selections for

automatic summaries.

Figure 6.2: MisClassified Pictures

6.2 Tool Identification

Tool Identification performance for the primary surgical tools is shown in Table 6.1. The

Faster RCNN structure shows the best results on the dataset. Therefore, FasterRCNN was

used in the subsequent stages of the summarizing pipeline.

6.3 Surgical Stage Estimation

The HMM model of Section 5.3, shown in Figure 5.2 was trained using the Viterbi Algorithm

on 15 surgical videos of a variety of lengths and stage durations. The shortest video was 54

minutes, and the longest video was 272 minutes. Results were obtained by combining all

runs into the python pomegranate package [44] and an HMM was fit without ground-truth

labeling. One video result is shown in figure 6.3, which shows the tools detected in all video

frames and the corresponding surgical stage. The results for all 15 videos are shown in Figure

A.3 in the Appendix, and is represented visually in Figure 6.4. The Hidden Markov Model
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Average Precision (AP)

Tool Faster RCNN YoloV4 Centernet

Rongeur/Punch 0.48 0.44 0.229

Drill 0.63 0.267 0.641

Forceps 0.41 0.276 0.272

Ring Curette 0.48 0.35 0.345

Suction 0.7 0.545 0.52

cauterizer 0.83 0.721 0.741

scissors 0.35 0.169 0.277

Mean: (mAP) .56 0.395 0.432

Table 6.1: Average Precision of different tools

trained by the Baum-Welsch algorithm accurately labeled the surgical stage in 95% of all

frames.

6.4 Summarization Performance

There are several ways to quantify performance, and we primarily do so through two metrics.

First, we quantify percentage of chosen video clips that include irrelevant frames. Such

irrelevant frames may include flushing scenes, scenes outside the patient, scenes including

rapid camera movement, or blurry scenes. To have an easily readable summary, such scenes

should not be included. These were graded by expert surgeons to decide which scenes were

irrelevant.

Irrelevance =
#IrrelevantShots

TotalShots
(6.1)

Second, we quantify what percentage of key medical scenes were included in the video

summarization. Expert Surgeons constructed a checklist of high priority scenes in each video

as shown in Figure A.4. A high quality summary includes as many of these diverse scenes

as possible. We compare three methodologies: (i) Our Method, (ii) Fully Randomly Chosen
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Figure 6.3: Stage Result Example. Video time in seconds is located in the X axis with split

Y axis showing the surgical tool present in each frame and the surgical stage of the video

Clips, (iii) Magisto [10]. Magisto is a commercial summarization tool and represents state-of-

the-art general summarization performance without the specialized domain knowledge. Our

method utilized the stage estimation as previously reported and the methodology established

in Section 5.5 using only frames that containing the tools according to Table 5.1

An example output surgery video is detailed in Figure 6.5. Calculated shot boundaries

(purple vertical lines) are calculated that correspond naturally to moments in which the tool

is removed from the patient or rapidly changes (see top row of frame). Representative clips

are shown in blue according to Equation 5.9. In tests, summarization cut 10 videos from an

average of 138 minutes down to 3 minutes.

6.4.1 Frame Irrelevance

Irrelevance performance, defined in equation 6.1, is shown in table 6.2. Our method in-

cludes Irrelevant frames in only 1% of the shots in an average video, compared to 36% of

Commercially[10]-summarized videos.
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Figure 6.4: Stage Result for multiple videos. Video time is represented as a percentage of

total video length. Error in stage estimation is represented by red bars

6.4.2 Medically Relevant Frame Sensitivity

As previously mentioned, we quantify the percentage of key medical scenes included in the

video summarization. A checklist was created as ’gold standard’ ground truth (viewable in

appendix Table A.4) for each video by expert surgeons. 10 videos were annotated using

this ’gold standard’: video segments that clearly showed the gold standard elements were

assigned a score of ’1’. Video segments that partially show the gold standard element were

assigned a score of ’0.5’. For example, if fibrin glue is added as part of the ’gold standard’

key medical frames, a score of ’1’ shows the direct application of fibrin glue. A score of ’0.5’

may represent a scene after the fibrin glue is applied, but clearly shows the application site

and extent of application. The results across 10 videos are shown in Figure 6.6, in which

the results are shown for our method (orange), the commercial product [10] (blue) and a

random selection of clips (grey). Our Method had the highest performance across all videos,
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Figure 6.5: Overall Process example. Calculated frame motion is shown in orange. Peak

motion events are used as natural shot boundaries (purple) in which the tool is typically

removed from the patient. From the resultant shots, representative clips (blue, size is exag-

gerated), are chosen from the lowest mean distance to the whole segment

accurately capturing 84% of medically relevant scenes.

6.4.3 Time Reduction

Figure 6.7 shows the breakdown of each stage of the summarization process averaged on

all 10 videos. Irrelevant frames (Frames outside patient, blurry/obscured, or containing no

tools) account for 50% of overall video length, but 48% of frames must still be reduced in

the summarization step. Overall, an average of 98% of video frames were removed to create

a summary.
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Irrelevance

Our Method Commercial Improvement

Vid01 0.04 0.34 0.29

Vid02 0.00 0.14 0.14

Vid03 0.00 0.24 0.24

Vid04 0.02 0.15 0.13

Vid05 0.00 0.46 0.46

Vid06 0.00 0.45 0.45

Vid07 0.00 0.29 0.29

Vid08 0.00 0.71 0.71

Vid09 0.00 0.45 0.45

Average 0.01 0.36 0.35

Table 6.2: Ratio of Irrelevant Frames (Irrigation,flushing, Static Scenes, etc)
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Figure 6.6: Accuracy of Videos percentage of medically valid clips used) X axis represents

video length (Orange) = Our method, (Blue) = Commercial product[10]. (Grey) = Random

Scene selection

Figure 6.7: Overall Process achievement. Videos were condensed from an average of 138

minutes down to 3 minutes
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Chapter 7

DISCUSSION

7.1 Tool Identification

On the surface, the tool identification performance seems relatively low, with a mAP of

only 0.56. However, combined with a temporal mean smoothing and a probabilistic Hidden

Markov Model, the end result is qualitatively acceptable. Furthermore, the performance

is further improved by ’grouping’ tools during the summarization stage. For example, a

common misdetection for tools includes the scissors and the Ring Curette while the end of

each tool is buried in tissue and unable to be detected. However, scissors and ring curette

are kept as valid summarization targets for all stages, so the impacts of misdetections are

strongly muted. The most important tools for detection are the suction tool and cauterizer,

which are discarded in multiple surgical stages. These have a higher average precision (AP).

7.2 Summarization Performance

Overall, this pipeline has a greater accuracy compared to the commercial summarization

tool. However, it still misses some scenes while discovering the best annotations. Notably,

the major misses in this pipeline are regarding the visualization of the surrounding important

anatomical structures/inspecting for additional tumor after removal, and capturing fibrin

glue application. Regarding the visualization of anatomic structures, this is an expected

result of the current pipeline, as this visualization occurs with no surgical tools in the scene,

and is therefore removed by the software by design. Additional work must be done with

a larger dataset of videos to detect the variety of nerves and post-tumor tissues similar to

current tool detections. Additionally, the fibrin glue application is similarly troublesome,

as the effect of the application of the glue results in a heavy ’blurring’ effect on the frame,
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making the frame unsuitable for general selection. Similarly, this fibrin glue application

could be improved by dataset expansion and including the fibrin glue as detection targets.

Figure 7.1: Visualization example. Surgeon visualizes nerve (top right) and checks for dam-

age or ingress of tumor after removal. No tools are present in scene, making this difficult for

the algorithm to identify. It is likely possible to expand the dataset and identify distinctive

nerves to address



42

Chapter 8

APPLICATION

Figure 8.1: Application general flow. Videos are fed to cloud-based machine learning back-

end that caclulates the tool detection information and extracts feature vectors from the

constituent frames. A frontend application written in PyQT is used to create, play, and

visualize summaries

Towards the goal of creating a usable software for surgeon use, a two-stage pipeline was

created to facilitate the use of the algorithms described as previously. Figure 8.1 shows the

general flow of this application. A user submits video to a cloud service with GPU enabled.

For all testing, Google Colab was used as this backend service. The backend service analyzes

the video at a rate of 5Hz, and compiles the information into a json-structured file pickled

in NumPy. This file contatins the following information: (i) The frame-by-frame feature

vector as detailed in Section 5.4, (ii) the frame-by-frame tool detections in the form of a

confidence. Faster-RCNN can return up to 2k bounding box proposals, so all proposals with

a confidence lower than 0.5 are removed. Of the remaining boxes, overlapping bounding
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boxes with iou 0.2 are removed to retain the highest confidence guess for a given tool. The

final confidences for each tool class are recorded in the json files. Finally,(iii) the ’annotation’

vector of consecutive frame differences (Equation 5.7) is recorded and sent to the front-end

application.

8.0.1 Front-End Application

Figure 8.2: Front-end Video playing application. User controls the number of boundaries

(Purple) and clips(blue). Orange line shows frame movement. Video is played in the viewer

on the top and the constituent tool estimations are shown in the radial plot on the left.

The front-end application written in PyQT (image shown in Figure 8.2) is applied to

provide simple usability and parameter tuning. A user may view the video within the appli-

cation alongside the corresponding frame data such as tool presence. A user may then specify

the smoothing factor for equation 5.7 and the number of boundaries b for summarization.

The user may then view the resulting boundaries and clips according to Figure 8.2.
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8.0.2 Future Work

While this application is sufficient for summary generation and demonstration, additional

work should be done to make this application fully surgeon usable. For example, converting

the back-end application to mesh with a proper front-end app to be runnable on any com-

puter without GPU acceleration and without logging into a secondary backend application.

Furthermore, additional user improvements can be made such as individually user-draggable

clips.
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Chapter 9

CONCLUSION AND FUTURE WORK

In this work, we apply a combination of visual data techniques to solve the video sum-

marization problem for ESS surgeries. Our combination of frame classifiers, tool detection

framework, and hidden markov model for estimating surgical stage, makes it possible to

create effective video summaries while reducing the overall video size by 98%, while retain-

ing 84% of key medical frames. This method outperforms general baselines such as the

commercial Magisto system.

Future work would include extending this framework by adding additional HMM models

for other surgery types or to expand the tool detection and valid frame detection stages to

optimize for other endoscopic surgeries such as endoscopic sinus surgery. Additionally, some

additional scenes could be added by simple expansion of dataset. As mentioned previously,

the visualization of the optic nerve was a medically relevant video segment that did not have

tools present. Expanding the dataset to explicitly recognize non-tool medical features such

as the optic nerve would improve the ability to accurately capture additional surgical scenes.

Finally, the detection results for some tools such as the scissors and forceps can be improved.

Ultimately, we successfully implement a pipeline to identify valid video frames, detect

tools in such frames, separate the video into its constituent stages, find shot boundaries by

identifying high frame movement, and create a resultant video summary.
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Appendix A

A

State X Suction Forceps Drill R Curette Rongeur Scissors Cauterizer

Approach 0.55 0.3 0.2 0.01 0.02 0.05 0.1

Operation 0.5 0.2 0.05 0.3 0.007 0.18 0.01

Reconstruct 0.52 0.3 0.01 0.1 0.002 0.14 0.1

Table A.1: Initial Emissions Estimate representing the probability an observation is seen

in each state

Start Approach Dissection Reconstruction End

Start 0.9 0.1

Approach 0.9 0.1

Operation 0.9 0.1

Reconstruct 0.9 0.1

End 1

Table A.2: Initial Transmission Probability estimates
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GroundTruth Baum-Welch Estimate Result

Video
Total Length

(min)
Dissection start

Re-construction

start
Dissection start

Re-construction

start
Error (minutes) Accuracy

Vid01 54 18.7 47.5 19.8 51.8 5.4 0.90

Vid02 148 0 82 0 81.5 0.5 1.00

Vid03 108.3 38 84.7 42.5 87.7 7.5 0.93

Vid04 73.5 11 62.7 11.2 67.9 5.4 0.93

Video5 198 116 151.3 115 151.4 1.2 0.99

Video6 272 0 205 0.9 204.8 1.1 1.00

Video7 98 69 84 69.6 83.9 0.7 0.99

Video8 88 89 165.3 91 159 8.3 0.91

Video9 194 41 92.5 40.5 81.5 11.6 0.94

Video23 68 20.5 34.5 21.1 34.5 0.60 0.99

Video35 144 106 116 105.9 114.3 1.80 0.99

Video16 195 64.5 160 64.6 160.2 0.3 1.00

Video24 103 17.7 78 41.5 77.8 24.0 0.77

Average
0.95

Table A.3: Results from surgical stage estimation in minutes. Information from tool pres-

ence alone is able to predict the surgical stage with 95% accuracy.
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Vid01 54 x x xxxx x x x 1.00 0.40 0.88

Vid02 148 x xxxx x x x x x 0.82 0.45 0.55

Vid03 108 x x x x x x 0.67 0.48 0.67

Vid04 74 xx x xxxx x x x 1.00 0.49 0.75

Video5 198 xx x x x x x 0.79 0.41 0.29

Video6 272 x x x x x 0.83 0.17 0.33

Video7 98 x x x x x x 0.83 0.36 0.50

Video8 194 x x x x x x x x 0.81 0.44 0.31

Video9 100 x x x x x x 0.83 0.55 0.83

Average 0.84 0.42 0.57

Table A.4: Video Summarization Results. Tested Videos with ’x’ indicating which surgical

scene is present in the video. Multiple ’x’ marks indicate that multiple independent scenes

fall within this descriptor. Accuracy for each video (percentage of target scenes present in

summarization) is shown in the columns on the right.
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