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Abstract 

Lecture videos are an extremely valued learning resource which has been validated by 

surveys among the students of the University of Houston. The inability to directly access 

the topics of interest within the video due to the continuous nature of video playback, 

limits its usability. Providing Index Points that represents the topic segments can 

significantly improve the accessibility. Indexing by manually identifying the topics is a 

time consuming task. Image analysis can identify the scene changes in a video; but this 

may not match topic change. However, the text within the lecture video describes the 

topics. This thesis proposes development of an automatic text-based approach for 

indexing of lecture videos that can provide topic-based segmentation. 

The methodology involves splitting the video into smaller segments at slide Transition 

Points where the scene changes, by determining the image difference between 

consecutive frames of the video. Optical character recognition technology extracts the 

text from the image that represents each segment. The indexing algorithm determines the 

topic changes within the video based on the text similarity. The text-based indexing 

algorithm combines neighboring segments with high text similarity to form a topic.  

For the performance evaluation, the output of the text-based algorithm is compared to a 

non-text-based method, as well as the ideal output based on the ground truth. The video 

selection for the algorithm evaluation comprised of 23 videos from diverse subjects. The 

results indicate that the indexing accuracy of text-based indexing is higher than other 

approaches. The best text-based algorithm achieved a maximum average accuracy of 

74% while the simpler methods achieved 67% under the same test condition. Error 
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analysis revealed that text similarity alone cannot accurately detect the topic changes 

within the video. The author suggests combining text and image as well as considering 

the semantics to further improve the indexing accuracy.  
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Chapter 1.  Introduction 

The Internet and the information technology have radically transformed the practice of 

teaching and learning. Educational institutions are increasingly using the Internet for the 

delivery of content for both on campus as well as for distance learning. Students can 

access the online materials anytime, and use the information accordingly to suit the 

individual learning style. The curriculum delivery has transitioned from predominantly 

print-based media to a hybrid multimedia format consisting of digital as well as print 

data. Multimedia can be a combination of text, graphics, audio, and video. The 

widespread use of computing devices and communication systems that facilitate the 

creation and distribution of digital course content[1] suggests the increasing use of 

multimedia. 

Usage of video as an instructional tool for lecture delivery is becoming common practice 

among educators as well as students. Video is either used as a stand-alone resource, as in 

the case of distance learning, or in conjunction with classroom lectures to supplement on 

campus teaching[2]. The popularity of lecture videos has led to universities making 

available lecture videos online, such as MIT Open Courseware. Massively open online 

courses or MOOCs such as Coursera, driven by video for course delivery, have emerged 

as a potential disruptive technology in recent years. Online lecture videos have the 

potential to enhance the learning experience of the students[2]. Unlike a classroom 

lecture, where the student can rely only on the lecture notes for later review, these lecture 

videos can be revisited any number of time for review purposes. A lecture video recorded 

from the classroom also contains additional highly valuable information in the form of 
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instructor-student interactions, which can be undocumented in the lecture notes. The 

video can approximately recreate the classroom experience. However, due to the 

continuous nature of the traditional video format, it is very difficult to access or search 

for the desired topic of interest. This can greatly reduce the effectiveness of the medium 

due to accessibility issue, thus adversely affecting the students learning experience. 

1.1 Motivation 

The motivation for this thesis stems from the desire to provide meaningful and topic- 

based accessibility to lecture videos automatically so that the students can easily access 

and review the topic of their choice quickly and efficiently. It is possible to manually 

annotate or segments the topics in a video lecture by the instructor. However, manual 

segmenting is a time-consuming and labor-intensive process because a typical lecture 

video duration can be ninety minutes or more. Manually segmenting the entire duration 

thus becomes an expensive operation. However, automatic segmenting process provides a 

faster and more efficient solution. The video segmenting based on time duration or by 

detecting the scene changes within the video, however, do not guarantee topic-based 

segmentation. A video comprises sequence of images and typical lecture video contains 

the text information within these images. Extracting and analyzing the text for topic 

changes can theoretically provide more accurate topic segmentation results than non-text-

based methods because text is a better indicator of topics. 

Surveys were conducted among the student users of the ICS videos at University of 

Houston as part of the ICS Videos project[3] for determining the effectiveness of 

indexed, captioned and searchable videos. Image analysis, where image difference is used 
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for detecting scene changes within the video, determines the Index Points. In the Spring 

2013 semester, 146 students of two Biology courses participated in the survey of which 

93 students responded to the survey questions. The participants responded to questions 

about the effectiveness of the Index Points. The Figure 1.1 shows student responses on 

effectiveness of Index Points. 

 

Figure 1.1: Student response on Index Points based on image analysis 
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The data from the survey indicate that close to 30% of students agreed that an Index Point 

always started a new subtopic while slightly more than 40% of students responded “Most 

of the time.” Nearly 30% of students responded negative. The survey result indicates that 

the current state of indexing method produces acceptable result, however there is scope 

for additional improvements for the indexing process to achieve better topic-based 

segmentation of the lecture videos.  

1.2 Goal and Summary of Research 

The primary goal of this research is to develop a text-based indexing method for the topic 

wise segmentation of lecture videos. Every index thus represents a new topic within the 

video. To identify the topics, the first step is to split the video into smaller segments 

where the scene changes. The basis of text-based indexing is the similarity of the text 

content in the video segments. A study of various text-similarity metrics conducted 

helped to select the most suitable similarity metric for video indexing. A topic is a group 

of smaller video segments. The basic algorithm combines most similar neighboring 

segments to form an index that represents the topic. The initial result forms the basis of 

enhancement and optimization of the algorithm. The evaluation of the indexing algorithm 

involved developing a metric based on the indexing output as well as the ground truth. 

Evaluation metric gives the indexing accuracy score of the output of an indexing 

algorithm for a video. Evaluation phase involves comparing the average indexing 

accuracy of text-based algorithms with non-text-based method as well as ideal output to 

determine the effectiveness of text-based indexing approach. The ideal output indicates 

the best theoretically output and is determined from the ground truth data for a video. 
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Error analysis of the text-based algorithm provided insight into the major causes of 

deviation from the ideal output and the limitations of text-based approach. 

1.3 Thesis Outline 

Organization of the thesis is as follows. The work presented here is part of a larger ICS 

(Indexed Captioned and Searchable) Videos Project. Chapter 2 provides the background 

information on the ICS Videos Project. Chapter 3 discusses the related work in video 

indexing. Chapter 4 presents the review of the metrics considered for text-similarity 

calculation. Chapter 5 details the explanation of the development of text-based indexing 

algorithm. Chapter 6 explains the evaluations of the text-based indexing algorithm, based 

on the results of the study as well as the challenges and solutions. Finally, the last chapter 

summarizes the thesis highlights and presents the possible future perspective of this 

work. 

  



 

 6 

Chapter 2.  Background; ICS Videos Project 

The ICS Videos Project stands for indexed, captioned, and searchable videos. This 

project aims to make the lecture videos easily accessible for the students by providing 

indexes, keyword search capability, and captions in the lecture videos. The work 

presented in this thesis is part of the ICS Videos Project. This thesis aims to enhance the 

indexing mechanism in ICS Videos Project by providing topic-based indexing based on 

the text content in the video. The key components of the ICS Videos Project framework 

are video indexer, captioning module, keyword search mechanism and a custom video 

player. The instructor creates a classroom lecture video by recording the instructor’s 

computer screen while delivering a prepared viewgraphs (e.g. PowerPoint) with text, 

hand-drawn annotations, and illustrations. After uploading this recorded video to the ICS 

server, the ICS framework automatically processes it. The processing identifies the 

indexes and extracts the keywords present in the lecture. A web-based video player 

presents the processed lecture video along with the index, captions, and keyword data to 

the user. Figure 2.1 gives an overview diagram of the components that constitute ICS 

framework. 
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Figure 2.1: An overview of ICS framework and its components 
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2.1 Indexing 

Indexing is the process of dividing a lecture video into segment that represents different 

sub-topics. The first phase of indexing detects the significant scene changes in the video 

and these changes are marked as Transition Points. The video indexes are a subset of 

these Transition Points. The indexer algorithm selects the most suitable Transition Points 

as Index Points. 

 

Figure 2.2: Transition Point in a video. The third frame is a new Transition Point. 

The image comparison of successive frames in the video detects the Transition Point. 

Comparing the RGB (Red, Green, Blue) values of corresponding pixels in the two images 

are determines the similarity between the images. This process is speed optimized. All 

the successive frames are not compared for similarity. Binary search method selects only 

a few at certain intervals. Image difference between successive Transition Points forms 

the criteria for Index Point selection in the previous framework. Evaluations of this 

method indicated that the selected Transition Points aligned perfectly with the scene 

transitions within the video; however the Index Points were acceptable but not always 

represent a topic change. 

2.2 Keyword Search 

In keyword search, all the video segments containing the keyword are identified and 

presented to the user. The following steps achieve this objective: Indexer identifies the 

Chapter 3

ICS Video Project

3.1 Indexing

Indexing is the task of dividing a lecture video into segments that contain di↵erent

topics. This task is accomplished by first identifying all transition points where the

scene in the video changes significantly illustrated in Figure 3.1. Next, a subset of

these transition points are selected as index points, which represent the beginning of

the video segments as presented to the user.

Figure 3.1: Transition point in a video: third frame is a new transition point

Detection of transition points is based on a comparison of successive frames in

12
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scene changes within video, based on image difference, as Transition Points in the form 

of images. Transition Points represent the start of the video segments. Optical character 

recognition (OCR) technologies extract the text content on these Transition Point images 

and store it in a database. When user searches the keyword from the search interface in 

the ICS video player, search function identifies the related segments and presents them as 

user navigable search results. 

2.3 Captioning 

In captioning, the caption box in the ICS video player presents the audio stream in the 

lecture video as synchronized text block. This audio typically consists of the instructor’s 

voice as well as student interactions. The ICS player is also capable of displaying the 

complete transcript separately. Although the ICS framework can generate the captions 

automatically, a certain degree of manual correction is required because of the limitations 

of the speech to text conversion technology. 

2.4 Video Player 

ICS Video player is an HTML5 based player capable of playing streaming video over the 

Internet. The player consists of a playback component, index panel, keyword search box, 

and a transcript display panel. Figure 2.3 shows a snapshot of the ICS video player 

highlighting its key features. 
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Figure 2.3: A snapshot of ICS Video Player 

2.4.1 Index Panel 

The bottom part of the player situates an index panel as shown in Figure 2.3. The 

thumbnail images in the index panel represent the Index Points. These images represent 

the starting frame of the topic in the video. The text on top of the images displays the 

start time of the respective Index Point so that the users can easily understand the spacing 

of the topics within the video. 

2.4.2 Keyword Search 

A keyword search box lies in between the index panel and the main video playback area. 

The user types the keywords in the search box. The index panel retains all the segments 

that contain the keyword and deactivates the remaining segments or index. The area 

below each thumbnail image display the matching keyword as well as the number of 

Figure 3.2: A snapshot of ICS Video Player

15
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matches. This helps to convey the importance of a segment relative to the search 

keyword. 

2.4.3 Caption Display 

An overlay at the bottom of the video displays the captions, if available. A separate panel 

on the right-hand side of the video player displays the complete transcript. Based on the 

playback, the full transcript section highlights the corresponding caption and its position 

automatically updated on the screen. Scrolling allows reading of the complete transcript. 

The user can switch off the entire transcript panel if he or she prefers a larger viewing 

area.  
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Chapter 3.  Related Work 

There are several developments to capture and distribute videos of class lectures, 

conference presentations, and talks[4]–[7]. These videos are captured by camera(s) 

operated by professionals or are edited from footage captured from cameras which are 

installed in the lecture/presentation rooms[8]. As the number of videos increased, 

attempts have been done to automatically index the videos or create digital library for 

better information retrieval[9]–[11]. To increase the accessibility and usability, these 

videos are generally edited manually[12], [13]. 

Automatic video annotation or indexing involves the detection of key frames or labels 

that indicate change of content in a video[14]–[16]. State of the art in computer vision, 

pattern recognition, and image processing has enabled automatic indexing based on a 

variety of content cues. The work by Davis[17] provides a low degree of automation 

using high-level ontological categories like action, time, space, etc. Many methods for 

image similarity detection are available that use low-level image properties such as color, 

texture, etc. These techniques use similarity of image properties to group contiguous 

video segments and provide reasonable automation while lacking the ability to provide 

semantics to grouped segments[18]–[20]. The methods for segmenting the video, using 

signature, requires the input from instructor. Instructor manually specifies the Index 

Points as signature, this signature is detected and Index Points are generated. Semantic 

analysis on video frames also is not applicable to the proposed work since detecting the 

scene will not provide more information for a camera-recorded classroom lecture[21]. 
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While the above two group of approaches remain application domain independent, 

methods based on domain specific constraints have also been developed.  

Lecture video segmentation based on the linguistic features of text[22] is very similar to 

the work that is presented. Comparing the text segments extracted from the lecture videos 

for similarity determines the text boundaries, where the similarity is low. However, a 

dictionary-based approach identifies different types of words (part of speech) such as 

nouns, verbs, pronouns, etc., these are separately represented as features. The similarity 

calculation is only between selected individual features. Human supervision is required in 

this dictionary-based approach for customizing the dictionary for a particular video 

subject. This thesis differs from the previous research, as the video indexing method is 

unsupervised and considers all the words irrespective of the kind of word or feature.  
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Chapter 4.  Text Similarity Metrics 

A similarity metric measures the similarity between the text content of two video 

segments and this measure determines how similar or dissimilar the segments are. A 

Transition Segment is a segment in the video where a scene change occurs in the video. 

The text extracted from the segments is compared for similarity. The Transition Segments 

in the video represent the start of a new slide presentation. A topic is usually discussed in 

a lecture with the help of series of viewgraphs. The viewgraphs that are part of a topic 

typically have very similar text content. Similar terms or keywords repeates during the 

presentation of a topic and when the topic changes, these keywords change. The 

similarity of two segments is related to the common words in the segment[23]. Words 

that are more common imply higher similarity. Therefore, the ideal similarity metric 

should consider the common words as well as the frequency of the words. Determining 

the text similarity between video Transition Segments is the most important criteria for 

combining or grouping the segments to form a topic. 

A text similarity metric calculates the similarity between two blocks of text. Optical 

Character Recognition (OCR) technology extracts each text block from the corresponding 

video Transition Segments. A block of text can contain several unique words (in other 

words, terms) or none. A term can occur one time or multiple times in a given bock of 

text. There are various known methods or metrics for text similarity comparison. The 

metric represents the text block either as Set or as Vector. For the rest of this chapter, the 

text block representation in Set notation follows for the various similarity metrics that 

uses Set representation. The Set A represents the first text block and the Set B represents 
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the second text block for comparison. The following section explains the metrics 

considered for video indexing. 

4.1 Matching Coefficient 

Matching Coefficient[24] is the total count of the number of unique terms that are 

common to the two blocks of text that are compared. Sets represents the text blocks in 

Matching Coefficient. If the two text blocks being compared are represented as Sets A 

and B, then Matching Coefficient is the intersection of the Sets A and B. Matching 

coefficient M for Sets A and B is given by the following formula. 

𝑀 =    𝐴 ∩ 𝐵  

However, this metric does not take into account the size of the text block. The size of the 

text blocks could vary dramatically from one segment to another. Since the value of this 

similarity coefficient is not normalized, the comparison of similarity between various 

segments is not meaningful. 

4.2 Dice’s Coefficient 

Dice’s Coefficient[24], [25] is calculated as the ratio of twice the number of common 

terms to the total number of terms in both the text from the text blocks being compared. 

Dice’s Coefficient represents text blocks as Set. For two Sets A and B, following formula 

gives Dice’s Coefficient. 

𝐷 =
2   𝐴   ∩ 𝐵
𝐴 +    𝐵  

Dice’s Coefficient is a better similarity metric than Matching Coefficient for the following 

reasons. The value of Dice’s Coefficient is normalized and ranges from 0 to 1, 0 being the 
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least similar and 1 being the most similar. Hence, the value of Dice’s Coefficient is 

unaffected by the text size unlike the Matching coefficient. Comparing the Dice’s 

similarity value between several text blocks of varying size is meaningful regardless of 

the size of text. Therefore, Dice’s Coefficient is better than Matching Coefficient for text- 

similarity comparison. However, this metric does not consider the frequency of words 

appearing in the text blocks. 

4.3 Jaccard Similarity Coefficient 

Jaccard Similarity[26] is the ratio between the intersection and union of the two blocks of 

text being compared. In other words, it is the number of matching terms divided by the 

sum of total number of terms that matching and the total number of terms that do not 

match i.e. that which appear in one but not in another. Jaccard Coefficient represents the 

blocks of text as Sets. The formal definition of Jaccard Similarity for Set 𝑨 and 𝑩  

follows. 

𝐽 𝐴,𝐵 =   
𝐴   ∩   𝐵
𝐴   ∪ 𝐵  

The value of Jaccard Coefficient is normalized and ranges between 0 and 1, 0 being least 

similar and 1 being most similar. The value of Jaccard Coefficient is comparable to that 

of Dice’s Coefficient. The Jaccard Coefficient for the similarity calculation does not 

consider the word or term frequency. 

4.4 Cosine Similarity 

Cosine Similarity[24], [26] coefficient is essentially the cosine of the angle between the 

two given vectors. Cosine Similarity represents the text blocks as Vectors. Cosine 
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Similarity Coefficient is calculated as the ratio of the dot product of the two vectors and 

the cross product of the two vectors and is given by the following formula. 

𝐶𝑜𝑠𝑖𝑛𝑒  𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =   
𝑃   ∙   𝑄
𝑃    𝑄  

𝑷 and 𝑸 are the two term frequency vectors. The numerator 𝑃 ∙   𝑄 is the dot product of 

the two given vectors. The denominator 𝑃    𝑄   is the product of the modulus of the 

two given vectors. 

The value of Cosine Similarity ranges from 0 to 1, and normalized regardless of the size 

of text block. If the two vectors are the same, the angle between the two vectors is zero 

and hence the cosine similarity value is 1. On the other hand, if the two vectors were 

completely different, the Cosine Similarity would be 0. The frequency of the term 

occurrence is used in the Cosine Similarity calculation and each text block is represented 

as a vector of the term frequency count. 

In Cosine Similarity metric, any word that is not present in one segment, but present in 

the other will not influence the similarity as the dot product zeroes out the weight of that 

word. The frequency as well as the number of similar words appearing in two segments 

under comparison represents the mutual information shared between these segments. The 

deciding factor in the Cosine Similarity calculation is the number of similar words and 

their frequency. Two text segments having similar words with high frequency of 

occurrence therefore gives very high cosine similarity coefficient. Hence, Cosine 

Similarity is better suitable for the comparison text blocks between topic segments in the 

video lectures.  
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4.5 Similarity for Transition Segments 

The lecture video is split into Transition Segments where the scene change occurs. The 

comparison of the text content in the segments using a text similarity metric provides the 

similarity of the Transition Segments. The segments that are part of the same topic are 

more similar to each other. The similarity of segments from different topics should be 

low. Text blocks that are part of the same topic typically contain words that appear 

frequently throughout the topic. Therefore, it is highly desirable to consider the frequency 

of the common words in a similarity metric. 

 The metrics discussed previously, with the exception of Matching Coefficient, provides 

similar or comparable text similarity measure. However, Cosine Similarity metric is 

considered a better choice for comparing the similarity of Transition Segments due to its 

consideration of word frequency as well as the common words for the similarity 

calculation. A simple measure like Matching Coefficient, that depends only on number of 

common words, may not be representative of the similarity between the text segments. 

The frequency of the repeating terms also needs consideration in the context of lecture 

videos. Therefore, the Cosine Similarity metric forms the basis of similarity calculation 

for the video-indexing algorithm. 
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Chapter 5.  Video Indexing Algorithm 

The input for the indexing algorithm is a video consisting of series of consecutive 

Transition Segments identified by Transition Points. The primary goal is to identify 

topics as Index Points. Each topic is a group of consecutive Transition Segments.  

5.1 Definitions 

Transition Point and Index Point are two key terms used for explaining the indexing 

algorithms. The detailed definitions of the terms are provided in the following section. 

5.1.1 Transition Point or Transition Segment 

Transition Point represents a point in the video where significant image change occurs. 

This is usually associated with a scene change within the lecture video, which is 

determined based on the image difference between consecutive frames in the video. A 

video is a combination of several individual image frames. As the video progresses, the 

content of these images can change depending on the video. For example, moving from 

one viewgraph to another, making inline comments in the video, etc., as the lecture 

progress causes the image changes in a video.  At this point of scene change or the 

Transition Point, the previous frame is considerably different from the current frame. A 

Transition Point represents the start of a Transition Segment as well as identifies the 

Transition Segment. Transition Segment is a single segment that represents the video 

between two consecutive Transition Points. The text as well as the image remains the 

same throughout a Transition Segment. A Transition Segment is defined by its start time, 

duration and its text content. Each segment contains a list of words (or in other words, 

term) that could be repeated multiple times or not depending on the individual segment. 
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The list of words is represented as vector format of the word frequency.  Let n be the 

total number of terms or words from all segments under consideration. Then the text 

content of the segment can be represented as a vector s = (tf1, tf2 ,….,tfn) where tfn is the 

term frequency of the nth term. Figure 5.1 provides pictorial view of a Transition Point or 

segment. 

 

Figure 5.1: Transition Point and Transition Segment 

5.1.2 Index Point 

Index Point represents the start of a topic and is a subset of the Transition Points in a 

video. Consecutive Transition Segments that are part of the same topic are grouped 

together to form a continuous segment, represented by the Index Point. Figure 5.2 show 

the selection of the most suitable Index Points from a list of Transition Points. 

Transition	  Segment 

 

Point	  of	  Transition/Scene	  
change 
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Figure 5.2: Index Point selection from the list of Transition Points 

5.2 Indexing Algorithms 

The goal of the indexing process is to segment the video according to the individual 

topics such that each Index Point represents a topic within the video. Initial phase 

segments the video into Transition Segments. Indexing phase involves comparing the 

similarity of Transition Segments in the input list with the left and right segments for 

similarity. The segment is merged with its immediate left or right neighbor depending on 

which side has a greater similarity value. Following section discusses the basic indexing 

algorithm and the various enhancements. 

5.2.1 Uniform Indexing Algorithm; Baseline for Comparing the Performance 

The Uniform indexing algorithm is a non-text-based algorithm for indexing the video and 

forms the baseline for comparing the performance of other text-based algorithms. This 

algorithm is based on the time duration of the Transition Segment. The Uniform indexing 

algorithm aims to uniformly distribute the Index Points throughout the video where the 

scene changes occur. The algorithm is explained as follows. 

List	  of	  Transition	  Points 

Selected	  Index	  
points 
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Input: 

• A list of Transition Points 

• Required number of Index Points (N) 

 Output: List of Index Points 

 Repeat: 

1.  Select Transition Segment with smallest duration 

2.  Merge with the smallest neighbor. In case of tie, merge with the left. 

 Until  

The number of remaining Transition Points equals required number of Index 

Points. 

The algorithm advances by selecting the Transition Segment with the shortest duration 

and merges it with the neighbor that is of shorter duration. The merging process is a 

conceptual process. The merging process ignores the boundary between the two segments 

or the Transition Point and considers the two segments as a single segment. The duration 

of the merged segment is the total duration of the merged segments. The resulting text 

content of the merged segment is the sum of the text of the two merged segments. A topic 

typically consists of several segments. Generally, a segment of small duration is part of a 

topic and does not form the entire topic. It is possible to split the video into segments of 

equal duration to achieve a uniform distribution of Index Points. However, the resulting 

Index Points do not coincide with the scene transition, where the viewgraphs change. For 

these reasons, the algorithm always selects the segment with the smallest duration and 

merges with the most suitable neighbor. Figure 5.3 gives a pictorial example of a single 
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step in the Uniform indexing algorithm. The numbered rectangular blocks represent the 

Transition Segments in the video. In this example, the smallest segment 4 merges with 

the smaller of its neighbor, segment 3. 

 

Figure 5.3: An example of Uniform indexing algorithm step 

Uniform indexing algorithm does not provide topic based indexing. Instead, the algorithm 

distributes the Index Points at approximately uniform interval of time. This algorithm 

forms the baseline for comparing the performance of text-based indexing algorithms. The 

text-based algorithms are expected to perform better than the non-text-based, baseline 

algorithm. 

5.2.2 Fixed Grouping Text-based Indexing Algorithm 

The Fixed Grouping text-based indexing algorithm is the basic text-based indexing 

algorithm. Other text-based algorithms are variations or enhancements of the Fixed 

Grouping algorithm. It closely follows the previously discussed Uniform algorithm. 

However, the text similarity of the segments decides which neighbor to merge the 

smallest segment. The detailed explanation of text similarity calculation is provided in 

Chapter 4.  This algorithm compares the text of the smallest segment with a group of 

segments on its right as well as on the left side. Empirically selected value of Grouping 

Duration determines the number of segments for grouping so that the combined duration 

of the group should not exceed the Grouping Duration. The grouped segments are 

considered as a single segment. The addition of text in the individual segments forms the 

1 2 3 4 5 6 7 8 

1 2 3	  +	  4 5 6 7 8 
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group. For the similarity comparison against a group, the text of a given segment is 

compared with the combined text of the group. The algorithm is explained as follows. 

Input: 

• A video with a list of Transition Points 

• Required number of Index Points (N) 

• Grouping duration in seconds 

Output:  

• Subset of Transition Points as list of Index Points 

Repeat: 

1. Select the Transition Segment/point K with the least duration. 

2. Compare the similarity of the current segment with the left and right group of 

segments. 

3. IF similarity towards the left is greater than the similarity towards the right, 

merge the current segment with the immediate Transition Segment on its left. 

ELSE, merge with the immediate segment on the right. 

Until: 

 The required number of Index Points equals remaining Transition Points 

A pictorial example of the algorithm is provided in Figure 5.4. In this example, the 

similarity of the smallest segment K is compared with the left as well as the right group 

and merged with the most suitable neighbor depending on the similarity value. 
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Figure 5.4: An example of a step in Fixed Grouping algorithm 

Grouping of several Transition Segments involve combining all the Transition Segments 

into a single segment. When two segments are added, the respective term frequency 

vectors for the segments are added together resulting in a new term frequency vector. For 

the similarity comparison to the left side of a given segment, segments on the immediate 

left side of the given segment are grouped together and vice versa for the similarity 

comparison to the right side. The combined duration of the group of segments is not to 

exceed an empirically determined value of Grouping Duration. 

The similarity of any given Transition Segment is not with its immediate neighbor, but 

across several segments over a period. A topic transition takes place over several 

segments and typically, the transition is not abrupt. In addition to the above, some 

neighboring segment or in between segment may contain very low text. This may result 

in incorrect similarity comparison. The text of any single segment may not sufficiently 

represent the topic entirely. The grouping also aims to reduce the segregation of Index 

Points that are part of the same topic, caused by Transition Segments having very low or 

no text content. The following Figure 5.5 shows an example of why the grouping is 

necessary. 
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Figure 5.5: An example of reason for Fixed Grouping of segments 

The segments or frames that fall inside a fixed window of time duration are grouped 

together in fixed grouping algorithm. The time duration is empirically determined based 

on the tests conducted on the sample video set. However one drawback of using a fixed 

window for grouping is that, a relevant segment could be ignored due to the time duration 

limitations because the ignored segment falls outside the fixed grouping duration limit. 

This leads to an enhancement of considering all the segments until the end or beginning 

of the video. 

5.2.3 Linear Weighted Text-based Indexing Algorithm 

The Linear Weighted text-based indexing algorithm is an enhanced version of the 

previously discussed Fixed Grouping text-based algorithm. This algorithm aims to 

improve on the limitation of the Fixed Grouping algorithm. Linear Weighted algorithm 

eliminates the grouping of the Transition Segments; instead, all the segments in the video 

are considered. The closer and larger segments are more important when considering all 

the segments. Therefore, this algorithm introduces weighting of segments for providing 

appropriate weights or varying impact on the similarity calculation across the segments. 

This algorithm adds an additional step to the Fixed Duration algorithm. This additional 
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step involves computing the linear weighted similarities at each Transition Point. The 

next step is the Transition Segment selection and merging, exactly as the Fixed Duration 

algorithm. The detailed algorithm is provided in the following section. 

Input: 

• A list of Transition Points 

• Required number of Index Points (N) 

Output: List of Index Points 

Step1 

Compute linear weighted similarities (WS1 ,WS2 ,…WSn-1) at each Transition Points (T1, 

T2…Tn-1) considering segments until the end 

Step2 

Repeat: 

1. Select Transition Segment with smallest duration 

2. IF the weighted similarity is more towards left, merge left. ELSE merge right 

Until:  

The number of remaining Transition Points equals required number of Index Points 

 

The Linear Weighting algorithm considers all the segments to the end for the similarity 

calculation as an enhancement to the basic fixed grouping. The entire segments on the 

left side of the current segment form a left group. Grouping together all the Transition 

Segments on the right side of the current segment forms a right group. Considering all the 

segments ensures that no segments are ignored during the similarity comparison and is 
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supposedly more accurate. This is because by comparing with the complete set of 

segments to the left or right provides more information, a better decision when regarding 

which direction to merge. However, considering all the segments can cause other 

problems. A segment far away can cause equal influence on the merging decision as a 

segment that is nearby leading to the possibility of merging to the wrong side. Clearly, 

the closer segments should have more weightage towards the merging decision. The 

Transition Point creation phase can split a segment of long duration into smaller 

segments. In this scenario, the individual smaller segments contain the same terms set as 

the original larger segment. These smaller segments when grouped together lead to an 

increase in the term frequency count, causing an increased undue influence on the 

merging decision. Ideally, there should not be such an excessive influence. Usage of a 

proper weighting scheme address these issues, which forms an essential part of the 

enhancements and is discussed in the following paragraphs. 

For the similarity calculation, each Transition Segment is given a weight based on the 

duration of the segment as well as the time or distance the frame is away from the current 

segment under consideration. The Time-based weight reduces linearly. In linear 

weighting, the weight of a segment is determined linearly based on how far in time the 

segment is away from the current segment. Segments that are closer in time carry more 

weight. The weight reduction is in a linear manner and inversely proportional to the time 

between the segments. Linear weighting contains two components, duration based and 

time based weight. 

Transition Segments with longer duration needs more weight than Transition Segments 

with shorter duration. This ensures that the effect of similarity calculation of a single long 
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segment is same even if the same long Transition Segment splits into multiple shorter 

pieces when grouped together. Without the Duration-based weight, these short segemnts 

when grouped together results in a higher similarity value than that of a single segment of 

longer duration. However, the smaller segments are formed because of splitting the single 

longer segment into several Transition Segments of shorter duration. This is because, the 

shorter segments still have the same word frequency vector as the longer segment. 

Duration-based weight component s given by the following formula. 

Duration-based weight, Wd = Transition Segment duration / Total video duration 

 

When several Transition Segments are grouped together for similarity comparison, 

segments that are farther away from the current segment should contribute lesser to the 

segment that are closer to the current segment. Time-based weight is linear interpolated 

based on the time difference between the Transition Segments under consideration and is 

given by the following formula. 

Time-based weight Wt = 1 – (Time difference between frames / Total video duration) 

Figure 5.6 indicates the linear weight reduction of the segments across the entire video. 

 

Figure 5.6: Linear weight reduction of the Transition Segments 

Total weight is the product of Duration-based weight and Time-based weight and is 

given by formula W = Wd * Wt.  
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The major disadvantage of linear weight reduction is that the farther segments are still 

significantly influencing the similarity value. The solution is to reduce the weight at a 

faster rate, such as in a non-linear fashion. 

5.2.4 Non-linear Weighted Text-based Indexing Algorithm 

This algorithm is an enhancement to the Linear Weighted algorithm. Algorithm works the 

same as the Linear Weighted algorithm, except that the weighting changes to non-linear 

weight reduction. The detailed algorithm is provided in the following section. 

Input: 

• A list of Transition Points 

• Required number of Index Points (N) 

Output: List of Index Points 

Step1 

Compute non-linear weighted similarities (WNL1 ,WNL2 ,…WNLn-1) at each Transition 

Points (T1, T2…Tn-1) considering segments until the end 

Step2 

Repeat: 

1. Select Transition Segment with smallest duration. 

2. IF the weighted similarity is more towards left, merge left. ELSE merge 

right 

Until: 

The number of remaining Transition Points equals required number of Index Points 
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In a non-linear based weighting reduction, the time-based component of the total weight 

reduction is non-linear instead of linear reduction. This ensures a faster rate of reduction 

than the linear reduction. An arbitrary variable called Half-life determines the rate of 

decay. Half-time is the time where the weight becomes half and is heuristically 

determined. An exponential weight decay function is used in this weight calculation and 

is given by the following formula: 

𝐹!"(𝑡) =   𝑒(!!"#$  !"  !"#$%∗!"#$) 

Where the rate of decay is calculated using the following equation: 

𝑅𝑎𝑡𝑒  𝑜𝑓  𝐷𝑒𝑐𝑎𝑦 =
𝑙𝑜𝑔! 2
Half-‐life   

The following Figure 5.7 represents the typical weight decay for various values of Half-

life. 

 

Figure 5.7: Weight decay for various Half-life 
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The total non-linear weight is the area under the weight decay curve and is given by the 

following formula. The area under the curve is sampled at a sampling duration of 20 

seconds, and the sum of the areas of all the samples gives the total non-linear weight. 

 

where WSD is the sampling duration weight and FNL(t) is the non-linear function. 

 

Figure 5.8: Non-linear weight reduction 

A pictorial example of non-linear weight reduction across Transition Segments is 

provided in the Figure 5.8. 

5.2.5 Boundary-based Text-based Indexing Algorithm 

Boundary-based text-based indexing algorithm is a new algorithm where the selection of 

Index Points depends on the Transition Points where the similarity is the least. Similar to 

the Non-linear Weighted algorithm, this algorithm computes the weighted similarities at 

each Transition Points. Transition Points with the least weighted similarity are selected 

as Index Points. The algorithm is detailed as follows. 

!"# − !"#$%&!!"#$ℎ!,!!" = ! !!" ∙ !!"(!)
!!!

!!!
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Input: 

• A list of Transition Points 

• Required number of Index Points (N) 

Output: 

• List of Index Points 

Step1 

1. Compute Non-linear weighted similarities (WS1 ,WS2 ,…WSn-1) at each 

Transition Points (T1, T2…Tn-1) considering segments up to end 

Step2 

1. Sort the Transition Points in ascending order based on weighted similarity 

2. Declare the first N Transition Points with the lowest similarity as Index 

Points. 

Following Figure 5.9 provides an example of the selection of boundaries based on least 

similarities. Transition Points 1, 4, and 6 are selected, as Index Points since the 

corresponding weighted similarities are the lowest. At each boundary, the current topic 

transitions into a new topic. The algorithm is based on the assumption that the text 

similarities between different topics are lower than the text similarity of segments within 

the same topic. 
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Figure 5.9: Boundary-based Index Point selection 

The Boundary-based algorithm eliminates the selection of Transition Points based on the 

smallest duration. Smaller duration segments could possibly be the start of an Index 

Point. In the previous algorithms, the chances of merging such Transition Segments are 

very high. Therefore, the Boundary-based selection has the potential to select such 

smaller Transition Segments as Index Points. A disadvantage of this approach is that, this 

selection could result in very close or far spaced Index Points. 

5.2.6 Term Frequency-Inverse Document Frequency (TF-IDF) Optimization 

This is an optimization applied to the previously discussed algorithms. The TF-IDF 

optimization compensate for the effect of common words that appear in many Transition 

Segments that may not contribute towards the topic similarity. In term frequency-inverse 

document frequency or TF-IDF weighting[24][26][27], a word that is repeated in many 

Transition Segments are given low weight and a term having a high frequency within a 

Transition Segment, but not repeated across many segment are given more weight. 

Several parts of speech like articles, conjunction, preposition, etc. could be used in the 

construction of the slide and they could be repeated in several Transition Segments. 

These terms do not contribute to the meaning or differentiation of a topic from another 

and therefore are considered as noise, thereby masking the influence of the important 
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terms (nouns) that make up the topic. The terms that contribute towards a particular topic 

are supposed to be concentrated in that topic and generally repeat or appear only in a 

small number of segments that forms a sub-topic. Therefore it is important that the 

common terms that are repeating throughout the segments should be given lesser 

importance that the topic keywords of terms that contribute towards a particular topic and 

this can be ensured by TF-IDF weighting scheme. 

Term (t) is a word that is present in any frame. A term may not appear in certain frames. 

Nevertheless, it is present in at least one frame.  

Term frequency (tf) is the frequency of a term t in a frame F. Term frequency is a scalar 

value.  

Inverse document frequency (idf) indicates whether a term t is common or rare across 

all Transition Segments and the following formula gives the idf; 

𝑖𝑑𝑓(𝑡, 𝑓)   =   𝑙𝑜𝑔
|  𝑇𝑆|

1  +    |  {𝑓:  𝑡  𝜖  𝑓}  | 

where: 

|  𝑇𝑆| is the total number of transition segements under consideration or the cardinality of 

TS 

|  {𝑡𝑠:  𝑡  𝜖  𝑡𝑠}  | is the number of segments where the term t appears 

Term frequency-inverse document frequency (tf-idf) assigns a weight to a term t in a 

frame f given by the formulae: 

tf idf =  tf * idf 

The weight of the term reduces logarithmically with the increase in the number of frames 

in which the term is present.  
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Chapter 6.  Evaluation 

Text-based video indexing algorithms were evaluated for their indexing accuracy. The 

evaluations helped to ascertain the strengths and weakness of the base algorithm, which 

prompted further enhancements. The text-based indexing was tested on twenty-three 

different videos, of which thirteen are video recordings from lectures conducted at 

University of Houston (hence UH) and ten videos are from Coursera[13]. The video 

selection from Computer Science, Biology and Biochemistry, and Geology departments 

ensures content diversity. The following Table 6.1 provides data on the course and 

number of lectures for each course. The presentation format of lecture videos from other 

departments did not involve any recording of (PowerPoint) viewgraphs or slides that 

contains text and therefore were not selected. Instead, the video captures an instructor 

giving a lecture in front of the camera. The consent of the instructor to provide the 

ground truth data required for the evaluation another factor in the selection of videos. 

Type Department Course Number of 
Lecture 

UH Computer Science Digital Image processing 3 

UH Computer Science Computer Architecture 2 

UH Computer Science Computer Network 2 

UH Computer Science Computer Vision 2 

UH Biology Human Physiology 3 

UH Geology Physical Geology 1 

Coursera Computer Science Compilers 3 

Coursera Computer Science Cryptography 3 
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Coursera Computer Science Machine Learning 3 

Coursera Computer Science 
Probabilistic Graphical 
Models 

3 

Total 23 

Table 6.1: List of sources of courses used for evaluation 

6.1 Ground Truth and Rating of Transition Points 

The ground truth defines the actual Index Points among all the Transition Points for a 

video. However, determining the ground truth is not easy. Some Transition Points are 

difficult to differentiate as a start of a topic. The ground truth depends on the perception 

of the viewer and can be different for each individual. Even the experts who created the 

video may have difficulty in identifying the Index Points. For this reasons, every 

Transition Point in a lecture video is rated from 0 to 3. The rating indicate whether the 

given Transition Point is a good candidate for Index Point or not and is based on the 

following conditions: 

• Definitely an Index Point (rating of 3): If a given Transition Point is found to be 

definitely an Index Point or start of a new topic, it is rated as 3. 

• Probably an Index Point (rating of 2): Certain Transition Points may not appear 

to be a definite Index Point, i.e. start of a new topic. The reasons could be such as 

the introduction of a sub-topic that is part of the main topic, an example given for 

clarity and so on. It is difficult to differentiate the given Transition Point as a 

definite Index Point. A rating of two indicates a high probability that the current 

Transition Point is an Index Point. 

• Probably not an Index Point (rating of 1): Likewise, a rating of one indicates that 

a Transition Point is probably not an Index Point. 
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• Definitely not an Index Point (rating of 0): If the Transition Point is definitely not 

an Index Point, a rating of zero is given. 

 

The indexing algorithm output for each video was evaluated against its ground truth. As 

explained previously, a typical lecture video of Transition Points. The Index Points are a 

sub-set of these Transition Points. The ground truth of each video was marked manually, 

i.e. a Transition Point is marked as an Index Point or not depending on its suitability. The 

respective instructor who presented the lecture provided the ground truth data for the 

videos from the University of Houston. Each individual video is a single, continuous 

recording of a single classroom lecture. On the other hand, video lectures presented in 

Coursera are separate recordings of the subtopics that constitute the whole subject or 

topic. The Coursera web interface allows access to these individual segments or sections. 

These individual segments merge to form a single video and forms the input to ICS 

framework for indexing evaluation. The merging is a manual process. The ground truth 

data for the Coursera videos are the individual sections that form the complete topic. In 

other words, the Transition Points that represent or correspond to the start of these 

individual segments are marked as the ground truth Index Points. Due to this difference 

in Coursera videos, separate evaluations from the University of Houston Videos are 

provided when possible. Table 6.2 and Table 6.3 tabulate the ground truth data for 

University of Houston and Coursera respectively. The tables lists all the Transition 

Points for the video with rating 3. 
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569 1 2 3 4 5 6 8 9 10 11 12 13 14 23 27 30 31 32 33 34 35 36 
37 38 39 40 

26 41 80 

570 1 2 3 4 5 6 7 8 9 10 11 12 13 16 19 20 21 23 25 26 27 28 
29 30 31 32 33 37 38 39 40 41 

32 41 82 

571 1 2 3 4 6 7 8 9 12 13 14 15 16 17 18 19 20 21 22 23 24 25 
26 27 28 29 30 31 37 38 42 44 45 

33 45 81 

572 1 9 12 15 18 22 25 28 29 9 31 48 

573 1 6 12 43 61 5 83 54 

574 1 3 5 8 20 23 24 26 35 36 39 40 42 43 58 62 16 64 77 

575 1 2 4 18 19 25 27 44 52 55 62 64 65 66 67 69 70 73 74 77 
94 95 

22 100 77 

576 1 6 7 10 11 13 14 22 8 32 85 

577 1 2 7 22 33 42 53 58 64 65 66 67 68 13 71 83 

578 1 12 13 16 18 23 28 29 31 9 40 72 

579 1 2 9 16 20 23 6 28 76 

580 1 7 9 10 11 14 6 20 72 

583 1 3 5 22 28 32 53 68 78 9 108 82 

Table 6.2: Ground Truth for UH Lecture Videos 

Video ID True Index Points Total Index 
Points 

Total Transition 
Points 

Total Video 
Duration in 
Minutes 

584 1 20 25 30 40 5 46 46 
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585 1 19 26 34 40 49 6 52 80 

586 1 5 17 25 35 48 61 70 79 9 81 81 

587 1 17 44 63 79 98 6 105 99 

588 1 15 24 33 42 52 6 55 60 

589 1 17 27 40 54 67 83 7 85 92 

590 1 19 93 105 4 114 36 

591 1 22 40 60 86 108 6 118 81 

592 1 8 21 36 45 54 63 7 66 63 

593 1 10 17 25 42 58 65 76 8 79 75 

Table 6.3: Ground Truth for Coursera Lecture Videos 

The video duration, the sub-topics, or the slides that constitutes the lecture can be 

different for each selected video, as evident from the ground truth data presented in tables 

Table 6.2 and Table 6.3. Therefore, the Index Points for individual videos also can vary, 

which makes the evaluation challenging. The unique nature of the video indexing 

problem motivated the development of a custom scoring metric for the evaluations.  

6.2 Indexing Score Calculation 

The output of the indexing algorithm as well as the ground truth forms the basis of 

Indexing Score. The Indexing Score for each Transition Point of the lecture video 

satisfies the conditions listed below. 

• If the given Transition Point is found to be an index by the indexing algorithm 

and is marked as definitely an Index Point in the ground truth (rating of 3), an 

indexing score of 2 is given to that Transition Segment. Conversely, if the 
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indexing algorithm marks the Transition Point not an Index Point, it is scored as –

2. 

• If the given Transition Point is found to be an index by the indexing algorithm 

and is marked as probably an Index Point in the ground truth (rating of 2), an 

indexing score of 1 is given to that Transition Segment. Conversely, if the 

indexing algorithm marks the Transition Point not an Index Point, it is scored as –

1. 

• If the given Transition Point is found to be not an index by the indexing algorithm 

and is marked as probably not an Index Point in the ground truth (rating of 1), an 

indexing score of +1 is given to that Transition Segment. Conversely, if the 

indexing algorithm marks the Transition Point as an Index Point, it is scored -1. 

• If the given Transition Point is found to be not an index by the indexing algorithm 

and is marked as definitely not an Index Point in the ground truth (rating of 0), an 

indexing score of 2 is given to that Transition Segment. Conversely, if the 

indexing algorithm marks the Transition Point as an Index Point, it is scored –1. 

 Table 6.4 provides a summary of the scoring conditions. Sum of scores of each 

Transition Segments gives the total indexing score. 
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Ground Truth Rating 

0 

Definitely Not 
Index 

1 

Probably Not 
Index 

2 

Probably an 
Index 

3 

Definitely an 
Index 

Indexer 
Output 

Not 
Index 

(0) 
+2 +1 -1 -2 

Is 
Index 

(1) 
-2 -1 +1 +2 

Table 6.4: Possible Indexing Scores for a Transition Point 

Total Indexing Score is calculated using the following formula: 

𝐼𝑛𝑑𝑒𝑥𝑖𝑛𝑔  𝑆𝑐𝑜𝑟𝑒 =    𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛  𝑃𝑜𝑖𝑛𝑡  𝐼𝑛𝑑𝑒𝑥𝑖𝑛𝑔  𝑆𝑐𝑜𝑟𝑒
!

!

 

Where n is the total number of Transition Segments in the video. 

6.3 Theoretical Maximum Score Calculation 

The Theoretical Maximum Score for a video is the total sum of theoretical scores of the 

Transition Points in the video and is based on the following conditions: 

• If the given Transition Point is rated as 3 or 0, a theoretical score of +2 is given to 

that Transition Point. 

• If the given Transition Point is rated as 2 or 1, a theoretical score of +1 is given to 

that Transition Point. 

The logic or reason for this scoring scheme is that, the output of an ideal indexing 

algorithm will always matches the ground truth, i.e. the definite and probable Index 

Points will always be marked as Index Points by the algorithm and vice versa. The 

following formula gives the Theoretical Maximum Sore. 
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𝑇ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙  𝑀𝑎𝑥𝑖𝑚𝑢𝑚  𝑆𝑐𝑜𝑟𝑒 =    𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛  𝑃𝑜𝑖𝑛𝑡  𝑇ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙  𝑆𝑐𝑜𝑟𝑒
!

!

 

Where n is the total number of Transition Segments in the video. 

6.4 Scoring Metric 

A Scoring Metric makes the evaluation as well as the relative comparison of the indexing 

output easier. Based on the output of the indexing algorithm, the Scoring Metric gives the 

accuracy score for a video. The Indexing Accuracy forms the criteria for evaluation or 

comparison between the indexing algorithms. Two phases are involved in the Indexing 

Accuracy calculation, the calculation of the Theoretical Maximum Score for the video 

and the calculation of the Indexing Score. Rating every Transition Points in the video 

forms the basis of calculation the theoretical maximum score for a video. The instructor 

provides the rating for the University of Houston videos. The topic segmentation 

provided in the Coursera web interface forms the basis of Coursera video ratings. A 

Theoretical Maximum Score is the maximum possible indexing score attainable for a 

given video. The Ground Truth rating provides the data for its calculation. The output of 

the indexing algorithm forms the basis of Indexing Score calculation for the given video. 

The following formula defines Indexing Accuracy. 

𝐼𝑛𝑑𝑒𝑥𝑖𝑛𝑔  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐼𝑛𝑑𝑒𝑥𝑖𝑛𝑔  𝑆𝑐𝑜𝑟𝑒

𝑇ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙  𝑀𝑎𝑥𝑖𝑚𝑢𝑚  𝑆𝑐𝑜𝑟𝑒 

6.5 Algorithm Testing 

Multiple tests determined the relative performance of the individual indexing algorithms 

as well as the parameters in the algorithm that control indexing output. Each of the 
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selected videos with known ground truth was provided as the input to the indexing 

algorithm under testing and the respective indexing accuracy score was calculated. The 

averaged accuracy score for the set of test videos made easier the comparison of the 

relative performance. The required number of Index Points for a given video is an input 

parameter for all indexing algorithms. The test videos are of different time duration and 

contain different number of actual Index Points as the ground truth. Therefore, measuring 

the performance of the indexing algorithm by generating equal number of Index Points 

for all the test videos is not accurate. However, the average duration between the Index 

Points, in minutes, can provide uniformity to the tests. Duration per Index Point is an 

arbitrary variable for generating the required number of Index Points. Following formula 

gives the number of Index Points generated for a given video based on duration per Index 

Point. 

 

𝑁𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  𝑖𝑛𝑑𝑒𝑥  𝑝𝑜𝑖𝑛𝑡𝑠 =   
𝑇𝑜𝑡𝑎𝑙  𝑣𝑖𝑑𝑒𝑜  𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛  𝑖𝑛  𝑚𝑖𝑛𝑢𝑡𝑒

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛  𝑝𝑒𝑟  𝑖𝑛𝑑𝑒𝑥  𝑝𝑜𝑖𝑛𝑡𝑠  𝑖𝑛  𝑚𝑖𝑛𝑢𝑡𝑒 

 

Most tests were conducted at 6, 8, 10, and 12 minutes as the value for duration per Index 

Point. For a single test, the value of duration per Index Point is constant. The number of 

required Index Point for each video is calculated based on duration per Index Point using 

the formula for calculating number of Index Points. The detailed explanation of each tests 

performed is explained in the following sections. 
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6.6 Effect of Fixed Grouping Duration on Indexing Accuracy 

Fixed Grouping Duration is the maximum duration of the grouped segments for 

similarity comparison and measured in seconds. To understand the effect of grouping 

duration on the indexing accuracy, the Fixed Grouping Duration text-based algorithm 

was tested at Grouping Durations of 120, 240, 480, and 960 seconds. The Fixed 

Grouping Duration text-based algorithm generated the output for the test. The algorithm 

was set to generate Index Points in the average range of 6, 8, 10, and 12 minutes per 

Index Point. Figure 6.1 provides the result summary. 

 
Figure 6.1: Indexing accuracy at various grouping duration 

 
The indexing accuracy steadily increases with the increase of grouping duration to a limit 

and decreases after the maximum threshold. The best accuracy is obtained at the grouping 

duration of 480 seconds, consistently over 6, 8, 10, and 12 minutes per Index Point. The 

overall average accuracy decreases as the grouping duration increases beyond 480 

seconds. This implies that the similarity of a given segment with the neighboring 

segments is more important than similarity with segments that are far apart for achieving 
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best possible indexing accuracy. Similar segments that appear closer are more influential 

in achieving better accuracy than the segments that are far apart. However, considering 

only the segments that are very close negatively influence the indexing accuracy. 

6.7 Half-life and Indexing Accuracy 

The effect of varying the half-life on indexing accuracy is evaluated in this test. Half-life 

is the time duration at which the weight becomes half. Half-life determines the rate of 

decay of the non-linear weight curve, in the Non-linear Weighted text-based indexing 

algorithm. The Non-linear Weighted algorithm tested at half-life values of 60, 120, 240, 

480, and 960 seconds provided the result for the above test. The algorithm was set to 

generate Index Points in the average range of 6, 8, 10, and 12 minutes per Index Point. 

Figure 6.2 gives the result summary. 

 

Figure 6.2: Indexing accuracy at various half-life 

Indexing accuracy generally increases with increasing value of half-life, reaches the 

maximum at half-life value of 240 seconds or 4 minutes, and decreases after that. At 
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slower rate of decay or higher values of half-life, the influence of segments that are far 

away on the similarity calculation could be the reason for decreasing indexing accuracy. 

6.8 Overall Comparison 

This test satisfies the following three objectives. 1) To determine the improvement 

achieved by text-based indexing methods over non-text-based method. 2) To identify the 

best text-based algorithm. 3) To compare the performance of text-based algorithm with 

theoretical output. The name of the non-text-based indexer used for this test is Uniform 

indexer. Uniform indexer tries to identify Index Points that are distributed uniformly by 

time by always merging the smallest segment with the adjacent segment that is of smaller 

duration until the required numbers of Index Points are reached. The indexing accuracies 

of the basic text-based indexing algorithms are compared with the non-text-based 

Uniform algorithm as well as the ideal case. Text-based indexing algorithms evaluated 

are Fixed Grouping, Linear Weighted, Non-linear Weighted, and Boundary-based text-

based indexing algorithms. The ideal case is the theoretical output where the Index Points 

selection is from the ground truth provided by the instructor. Ideal output achieves the 

best possible accuracy by manually picking the required number of Index Points out of 

the Transition Points marked as Index Points in the ground truth data. The required 

number of Index Points may not necessarily match the total number of Index Points in the 

Ground Truth. Therefore, the ideal case may not achieve 100% accuracy. The required 

number of Index Points from the algorithms was calculated from different duration per 

Index Point values of 6, 8, 10, and 12 minutes. For the Fixed-grouping algorithm, the 

value of grouping duration was set at 480 seconds. The maximum observed average 
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accuracy is at 480 seconds, and hence selected. Similarly, the half-life value of Non-

linear algorithm was set at 240 seconds or 4 minutes at the observed maximum average 

accuracy. The performance comparison of algorithms is based on the average accuracy 

score for the given set of videos at various values of minutes per Index Points. The 

following charts provide the average accuracy achieved for each indexing algorithm at 

different minutes per Index Points for the lecture. 

 

Figure 6.3: Overall average indexing accuracy (Minutes/Index Point = 6) 
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Figure 6.4: Overall average accuracy (Minutes/Index Point = 8) 

 

Figure 6.5: Overall average accuracy (Minutes/Index Point = 10) 
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Figure 6.6: Overall average accuracy (Minutes/Index Point = 12) 

In addition to the combined testing of the videos, the UH and Coursera videos were 

separately tested with the algorithms to evaluate any difference in performance between 

the two kinds of lecture videos. The UH videos are typically continuous videos recorded 

during a single classroom session. However, the Coursera videos are separate recordings 
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performance. Figure 6.7 and Figure 6.8 shows the result graphs for the test. 
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Figure 6.7: Best algorithm performance for UH videos 

 

Figure 6.8: Best algorithm performance for Coursera videos 
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The average values of indexing accuracy for Coursera videos are higher than UH videos 

for all the algorithms. However it should be noted that for UH videos, the performance 

gap with the ideal case is very small or in other words, the theoretical accuracy that could 

be achieved for the UH videos are lower than that possible by Coursera videos. 

6.9 Inference from Overall Comparison 

It is evident from the average accuracy charts that the text-based indexing methods 

performed better than non-text-based algorithm. The Fixed Duration algorithm 

performed better than the Uniform algorithm, where as the Linear Weighted algorithm 

performs similar to Fixed Duration algorithm. The Non-linear Weighted algorithm 

performed better than other text-based algorithms. The Boundary-based algorithm fared 

worse than the Fixed Duration based algorithm at higher Minutes per Index Point. The 

number of required Index Points is inversely proportional to the value of minutes per 

Index Point. When the required number of Index Points is higher, chances of selecting all 

of them are higher than when the required number of Index Points are low. The algorithm 

selects the Transition Points with the least similarity. This also implies that the low 

similarity does not ensure transition to a new topic. The results indicate that the text- 

based indexing algorithms can produce better results than non-text-based methods in 

achieving topic-based segmentation. 
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Table 6.5 summarizes the average percentage of Indexing Accuracy results from the 

Overall Comparison test. 

M
in

/I
P 

U
ni

fo
rm

 

Fi
xe

d 

L
in

ea
r 

N
on

-li
ne

ar
 

B
ou

nd
ar

y 

Id
ea

l 

6 56 63 62 65 61 92 
8 62 68 67 70 65 90 
10 65 71 70 72 68 87 
12 67 72 72 74 69 85 

Table 6.5 Summary of average indexing accuracy in % 

The Improvement in Indexing Accuracy for any algorithm is the difference in average 

Indexing Accuracy for any algorithm calculated against the Uniform non-text-based 

algorithm. For example, at 6 minutes per Index Point, average Indexing Accuracy for 

Uniform algorithm is 56% and that of Fixed Duration algorithm is 63%. The 

Improvement in Indexing Accuracy is (63 – 56), which equals 7%. The following Table 

6.6 provides the summary result of the percentage improvement in indexing accuracy of 

the various algorithms.	  
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6 0 7 6 9 5 36 
8 0 6 5 8 3 28 
10 0 6 5 7 3 22 
12 0 5 5 7 2 18 

Table 6.6: Improvement in Indexing Accuracy against Uniform algorithm (%) 

The maximum Improvement in Indexing Accuracy by any text-based algorithm is 9%, 

using the Non-linear Weighted algorithm at 6 minutes per Index Points. The Boundary-
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based algorithm performed worse than the Fixed Duration algorithm at all values of 

minutes per Index Points. The Non-linear Weighted algorithm consistently performed 

better than Fixed Duration, which is the basic text-based algorithm, and achieved a 

maximum improvement of 7% over non-text-based Uniform method. 

The theoretical improvement gap is the improvement in Indexing Accuracy of Ideal 

output against the Uniform indexing algorithm output. For example, at 6 minutes per 

Index Point, the average Indexing Accuracy for the Ideal output and the Uniform 

algorithm are 92% and 56% respectively. The Theoretical Improvement Gap, therefore is 

(92-56) = 36%. This value calculation is exactly as mentioned in the previous section for 

Improvement in Indexing Accuracy and matches the last column of the Table 6.6. The 

Table 6.7 re-lists the Theoretical Improvement Gap at various minutes per index point. 

Minutes/Index Point Theoretical Improvement Gap (% difference) 

6 36 

8 28 

10 22 

12 18 

Table 6.7: Percentage of theoretically possible algorithm accuracy improvement 

Table 6.7 shows that 36% is the maximum possible for any Theoretical Improvement 

Gap, at 6 minutes per Index Point.  

The Performance Gap covered by any algorithm is the percentage of the ratio of the 

Improvement in Algorithm Performance against the Uniform algorithm over the 

Theoretical Improvement Gap. For example, at 6 minutes per index point, the 

Improvement in Indexing Accuracy for Fixed algorithm is 7%, while that of Ideal output 
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is 36%. Therefore, the Performance Gap covered by the Fixed algorithm is (7/36) * 100 

= 19% Table 6.8 lists the Performance Gap covered by various algorithms over the 

Theoretical Improvement Gap. 
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6 0 19 17 25 14 100 

8 0 21 18 29 11 100 

10 0 27 23 32 14 100 

12 0 28 28 39 11 100 

Table 6.8: Performance Gap Covered (%) over Theoretical Improvement Gap 

 It is evident from Table 6.8, that the Non-linear algorithm covered more of the 

Performance Gap than any other text-based algorithm. At 12 minutes per index point, the 

Non-linear algorithm covered 39% of the Theoretical Improvement Gap. 

6.10 Analysis of Errors 

The analysis of the text-based algorithm output determined the probable causes for the 

errors, i.e. the Index Points selected by algorithm differ from the ground truth. For this 

analysis, the required number of Index Points from the algorithm for each video was set 

equal to the number of Index Points in the ground truth. Error analysis used the output 

from the Fixed Grouping indexing algorithm with the optimal fixed grouping duration 

value. Indexing algorithm output of twenty videos were analyzed, ten videos each from 



 

 56 

the University of Houston and Coursera. The results for false negatives and false 

positives are summarized in Figure 6.9 and Figure 6.9 respectively. 

 

Figure 6.9: Issues causing false negative indexing errors 

 

Figure 6.10: Issues causing false positive indexing errors 

The following section details the explanation of the issues causing indexing errors. 
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6.10.1 Lowest Duration-based Transition Segment Selection 

Topics with relatively low duration can cause false negatives. Due to the relative low 

duration, there are higher chances of selection such topic segment and merging such topic 

segment with neighboring topics based on the relative similarity between left and right 

side of the selected segment. False positives are also caused by the duration-based 

selection of Transition Segments. If the duration of a given segment is relatively higher 

than the most other segments, chances of selecting that segment for similarity comparison 

is low, and therefore it can remain without merging thus resulting as an Index Point. 

6.10.2 Slide Revisit 

Occasionally the instructor may revisit a previous slide during the presentation, mostly 

for the clarification of that slide. Revisiting a slide or a previous topic causes a break in 

the similarity between the segments. When such break appears in the video, the next 

segment could be considered as a new topic although it is part of an early discussion, due 

to very low similarity to the previous topic, thus resulting in an Index Point causing false 

positive. Conversely, in rare cases, merging the segments or topics in between the 

revisited and the previous topic to the previous topic itself cause false negatives. This is 

because, the presence of the revisited slide can cause higher similarity bias to the left side 

or previous topic segment thus merging the in-between segment. The instructor may not 

consider the revisit of slide as a topic change and prefer to ignore the revisit. However, 

the indexer algorithm could interpret this wrongly thus causing errors. 
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6.10.3 Title Slide Without Enough Text for Topic Information 

The title slide or the slide with the title of the following may not have enough topic 

information due to relatively small amount of text in it. This could cause false negatives 

by the merging of title slide to the previous topic, since the text may not be enough or do 

not completely represents the topic information that follows. False positives occur 

because the correct title slide is not considered as Index Point, but the following segment, 

which is part of the title slide, is considered as the start of the new topic. 

6.10.4 Start of a New Discussion 

A new discussion could be part of the previous topic or a new topic. Instructor may 

choose to further explain a topic by providing examples, introduce formulas or related 

theory, or provide a summary. The text content of such new discussions may not be 

similar to the main topic thus causing false positives. Indexer algorithm is unable to 

merge such segments to the main topic due to its relatively low text similarity to the main 

topic. The behavior of the indexing algorithm in this scenario is as expected and the result 

should be considered correct because a change in topic is indeed being detected by the 

algorithm. 

6.10.5 New Topic Very Similar to Previous Topic 

When the new topic is very similar to the previous topic, chances are high for such 

segments merges with the previous topic segments thus causing false negatives. 

6.10.6 Presentation Restart/Interruption 

Restarting a presentation can cause breaks in the text similarity as in the case of a slide 

revisit resulting in false positives. The instructor may choose to ignore this as a topic 
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change, however the algorithm finds that there is significant similarity difference or very 

low similarity to the previous topic and thus resulting in a false positive Index Point. 

6.10.7 Image Contains More Topic Information Than Text 

In some viewgraphs, the text content may be very low or may not represent the topic 

information correctly. Image data in these slides represents the topic information rather 

than text data. A text-based indexing approach fails in this scenario because of the 

insufficient textual information to make a decision to merge towards left or right. A 

hybrid approach, considering the image similarity together with the text similarity could 

potentially solve this issue. 

6.10.8 Outline Slide in a Hierarchical Lecture Organization 

On rare occasions, the presence of an outline slide that outlines the lecture organization 

can cause false positives or wrong Index Point selection. This is because the outline slide 

gives an overview or bullet points of the sub-topics in the lecture. The instructor may 

consider each sub-topic as a separate Index Point. However, because of the presence of 

some amount of text in the outline slide, the actual topic segment merges to the outline 

slide because of relatively high similarity to the outline slide thus causing false negatives. 

The instructor may choose to use the outline slide to be a sub-topic that is part of the 

main topic by highlighting the bullet point. This presence of the outline slide could create 

a break in similarity with the previous segment thus marking such outline slide as an 

Index Point resulting in false positives. 
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6.10.9 Last Slide Without Relevant Topic Information 

Instructor may choose to end a topic with blank slide or with a slide containing words 

such as “end of topic” or “end”. This may have no similarity with the previous topic or 

with the next topic. If such a slide is not merged with the previous segment to its left due 

to relatively low similarity to left, false positive as well as false negative may result. This 

is because, the actual start of a topic merges to such a slide causing false negative. If the 

segment that is marked as an Index Point starts with the above-mentioned slide, this 

results in a false positive. 

6.10.10 OCR Error 

Optical character recognition errors result in output text being different from the actual 

text. The OCR failure to recognize correct characters may be due to the small size of the 

letters, low resolution of the extracted image, or the presence of formula, images, or 

hand-written notes on the slide. When OCR errors occur, the result is highly 

unpredictable resulting in false positives or false negatives. 

The predominant reasons for false positives are the start of a new discussion when the 

new discussion has little or no text similarity with the main topic. On the other hand, the 

topics similar to the previously discussed topic cause false positive error. A very large 

number of issues relate to the lecture organization and a text-based similarity-based 

indexing may not be the most effective way to address these issues. The analysis 

indicates that the criteria for the selection of the Transition Point based on the lowest 

duration are one of the major contributing factors for the indexing errors. Alternative 

approach with Boundary-based algorithm to detect the Index Points based on the 
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maximum difference or lowest similarity between the Transition Points could not yield 

better results in all the cases. Handling the OCR errors is a problem that falls outside the 

scope of this work. 

To study the effect of manual OCR error correction on indexing accuracy, four UH 

videos were randomly selected (572, 573, 576, 580) and text data was corrected for OCR 

errors. Misspelled words were spelling corrected. Text output from the OCR that 

represents the image or formula are usually in the form of random letters and does not 

represent a meaningful word and therefore, removed from the text data. The manually 

corrected text from each Transition Segment is the input for the indexing algorithms. The 

result graph showing the average indexing accuracy at 12 minutes per Index Point for the 

corrected as well as the original OCR text are given in the following graphs. 

 

Figure 6.11: Average Indexing Accuracy for corrected text 
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Figure 6.12: Average Indexing Accuracy for original OCR text 

The result graphs do not show a marked difference in the indexing accuracy. The 

boundary algorithm performed better with the corrected text and the Linear weighted 

algorithm performed better with the original text. The number of videos selected for the 

test is less than 25% of the total sample size and may not be sufficient to reach a definite 

conclusion about the effectiveness of OCR correction from the above result. Manual 

correction of the text from OCR tool output involves the removal of words that are not 

meaningful. However, these words may represent additional information like images, 

formula, or writings in the viewgraphs. Removing such words from the text may 

potentially remove meaningful information. The lost information does contribute towards 

the topic information. Therefore, manual OCR correction test result is not a true indicator 

of the indexing accuracy. 

0,7	  
0,77	   0,79	   0,82	  

0,67	  

0,91	  

0	  

0,2	  

0,4	  

0,6	  

0,8	  

1	  

1,2	  

Uniform	   Fixed	   Linear	   Non-‐linear	   Boundary	   Ideal	  

Av
er
ag
e	  
Ac
cu
ra
cy
	  

Algorithm	  

Accuracy	  at	  Minutes/Index	  Point	  =	  12	  



 

 63 

6.11 Summary 

Text-based algorithms could achieve a maximum of 9% Improvement in Indexing 

Accuracy over the non-text-based method. This covers a 25% Performance Gap of 36% 

of Theoretically Improvement Gap, at 6 minutes per Index Point where as in another 

extreme case, 39% of Performance Gap out of 18% Theoretically Improvement Gap at 

12 minutes per index point. This represents a 7% Improvement in Indexing Accuracy over 

the non-text-based method. Therefore, the text-based algorithms approximately cover a 

fourth of the Theoretical Improvement Gap.  

The results indicate that the performance improvements achieved by the enhancements 

are not substantial enough to match the ideal output. Although further enhancements 

could improve performance, the performance gains are not expected to reach the ideal 

output. Text similarity or dissimilarity values between segments do not necessarily 

indicate topic transition, and the algorithm is primarily based on the text similarity 

between segments. Organization of the lecture plays an important role in the detection of 

topic changes using text-based method. Some types of lecture organizations are more 

prone to indexing errors (e.g. hierarchical organization) than a linear organized lecture. 

Typically, in a linearly organized lecture, the topic transitions linearly across consecutive 

segments and the topic boundary tend to have more similarity difference. The text-based 

algorithm favors such linearly organized lecture. 

Text-based indexing methods do provides better indexing accuracy than non-text-based 

methods, however they falls short of achieving an ideal output. The fact that even the 

subject matter experts in certain scenarios perceives ideal output differently, complicates 

the selection of correct Index Point. The topic detection within a lecture video cannot be 
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completed only by the text similarity analysis. Sub-topics within the main topic may not 

show text similarity at all between them. The images within the video also play an 

important role in determining the topic similarity. Topic-based indexing of lecture videos 

is not a trivial task, but has the potential to highly benefit the end user’s learning 

experience. 
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Chapter 7.  Conclusion 

7.1 Conclusion 

Video indexing has a significant impact on student learning outcome, and its importance 

cannot be overlooked. However, processing the video data is highly challenging, thus 

making automatic lecture video indexing a non-trivial task. This thesis work developed 

and evaluated the accuracy of text-based indexing algorithms for automated, topic-based 

segmentation of lecture videos. Enhancements to the algorithm and their effect on the 

accuracy were evaluated. Variations of the original algorithm were also developed and 

evaluated for their accuracy. The error analysis of outputs of the text-based indexing 

algorithms determined the probable causes of errors, thereby identifying the limitations of 

simple text-based method. The text-based indexing algorithm proved to be more effective 

in topic-based indexing compared to non-text-based method. However, considering only 

the text data from the video segments inherently limits any substantial gains in indexing 

accuracy. In addition, the term frequency-based vector space model is not sufficient to 

represent the topic organization within the lecture. Observation suggests that the 

proposed text-based algorithm was effective in accurately detecting the topic changes 

when the information in the lecture organization follows a linear pattern. Any deviation 

from the linear organization of information in the lecture proved to be challenging for the 

algorithm. The inability of the text similarity metric to correctly identify the topic 

changes limits the indexing accuracy of the text-based indexing methods. Developing a 

better model for representing the topic organization as perceived by the lecture creator 
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would prove to be highly invaluable in accurately determining the topics within the 

lecture video. 

7.2  Future Directions 

The text data from the slides alone may not represent the complete topic information. The 

possibility of combining the information from the text, images and audio to form a hybrid 

approach for determining the topic organization in the video could be further studied. A 

semantic-based model of representing the data and similarity metrics based on semantics 

could be another area for further studies in the future. Another area for consideration 

would be the use of supervised machine learning techniques to determine the topic 

boundaries. The effect of text similarity metrics on indexing accuracy could be another 

area for future studies. Although the cosine similarity metric was conceptually the most 

suitable metric, no quantitative tests were performed to determine the best performing 

text similarity metric. The author also suggests future studies to determine the effect of 

various text similarity metrics on the indexing accuracy. 
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