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Abstract

Most current video summarization techniques focus on converting long videos into short summary clips by
detecting semantically important parts of the original video. However, many summarization applications, such
as personal summaries of weddings, travel videos, movie trailers, or short summaries for search, require
summaries that include the entire content of the original video, not just the important parts. This paper
proposes a technique for generating summary videos by combining highlight scenes representing important
parts of the video with story-conveying scenes capturing the overall flow of the video. To achieve this objective,
we introduce the concept of 'diversity contribution,” which numerically quantifies how much each individual
scene contributes to creating a diverse scene composition in the summary video. The higher the proportion of
scenes with high diversity contribution values, the more comprehensively the summary video incorporates the
entire content of the original video. In this study, we developed an algorithm to create a summary video by
adjusting the diversity contribution and importance of scenes in proportion, and verified its operation by
implementing an actual summary application system. Furthermore, we confirmed through experiments that
the accuracy of the summary technique presented in this paper was over 90%.
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1. Introduction

Recently, personal videos such as video lectures and video messages have been mass-produced and shared
across social networks[1,2,3]. Furthermore, video content has proliferated on various video hosting platforms
like YouTube, social networks such as Facebook and Instagram, and online video repositories. To enable users
to easily search for desired videos within this vast volume of video content, it is essential to provide short
summary videos that condense lengthy original videos[4,5,6].

To achieve this objective, various studies for automatic video summarization have been conducted. To date,
most video summarization techniques have focused on selecting important parts of the original video to capture
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its complete meaning in a concise format. Currently, the most widely adopted method for generating summary
videos utilizes visual attributes of the video, such as color, motion, objects, and user attention, to identify its
important parts[4,5,6]. Recently, LLM(large language model) techniques have been actively studied to convert
the visual characteristics of a video into text and use this to evaluate the semantics and importance of frames
in the video to create a summary video[7].

These existing studies are focused only on assigning importance scores to scenes called frames or segments
and composing summary videos with parts with high importance. However, real-world video summarization
applications have very different requirements[5]. For example, summaries of personal videos, such as
weddings or travel videos, should be created to encompass the entire content, including key moments. Sports
videos should include highlights of key events and a comprehensive overview of the entire game. Movie
trailers should also focus on highlights while incorporating elements of the story. Even summaries of longer
videos, designed for quick browsing, should incorporate a balanced mix of content. Likewise, existing video
summarization applications require both important scenes and less important scenes for understanding the
story.

This study explores a technique for generating summary videos by combining highlight scenes that represent
important parts of the video with scenes conveying the story that captures the overall flow and storyline of the
video. The core contributions of this paper are as follows. First, we introduce a weighting parameter w that
enables adjustment of the ratio between the proportion of highlight scenes and story-conveying scenes. Second,
we employ a method that utilizes the visual attributes of videos to detect highlight scenes. Third, we introduce
a new concept called diversity contribution to incorporate story progression. Scenes with higher diversity
contribution enhance the overall diversity of the summary video. As the diversity of scenes comprising the
summary video increases, the proportion of highlight scenes decreases, while the proportion of varied scenes
across the entire summary video increases. This effect causes the summary video to be made up of scenes that
are relatively evenly divided across the entire time of the original video. Fourth, this paper presents a
framework that evaluates scene fitness score by combining diversity contribution with scene
importance(highlight scores) through the weighting parameter w, thereby generating the summary video with
the scenes with highest fit. Fifth, we present an algorithm to resize segments to avoid audio interruptions in
the summary video.

We implemented the proposed method and conducted performance evaluation. As a result of the
performance evaluation, the performance of extracting highlights from the original video was evaluated at
93.7%. In addition, to assess the story inclusion performance of the proposed approach, we generated and
compared synopses of originals and summary videos using an LLM. The average similarity score was
evaluated to 92.8%, demonstrating that the summarization system proposed in this paper achieves very high
performance.

2. Related Works

Over the past few decades, numerous studies have been conducted on video summarization. Recently,
systems such as Google Gemini, ScreenApp, and NoteGPT that summarize videos into text have been
developed and are being utilized[8]. However, our research is about techniques to summarize long videos into
short videos, and these are not related to our study.

Video summarization has applications in various domains, including personal video summaries, sports
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highlights, movie trailers, and summary videos for rapid video search [5]. Video summarization is the problem
of selecting important video frames from among each frame included in a video, and the summarized video is
a set of representative video frames from the original video. The most widely adopted approach to video
summarization is selecting frames deemed representative or important based on the visual properties of video
frames. Some methods utilize color histograms to select important frames. For specific applications such as
surveillance cameras, sports events, or exam monitoring, important frames are often selected based on sudden
changes, events, or suspicious attributes within the video. Alternatively, representative frames may be chosen
by focusing on the movement of specific objects such as people, cars, or dogs. As another approach, attention
-based video summarization models have been proposed that are tailored to user interests[9,10].

Meanwhile, many studies utilize models trained on datasets where humans manually assigned importance
score to each frame of a video to identify important frames. There was also a study that indirectly interpreted
the most viewed areas of YouTube videos as frames with high importance and created a summary model using
these data sets [11]. Furthermore, to address the limitations of semantic interpretation of videos using visual
features and the high cost of creating datasets with manually annotated importance scores, techniques
employing Large Language Models (LLMs) are being researched. These methods convert each video frame
into text captions and extract important frames from these captions using trained multimodal LLMs[7].

Most summarization techniques studied so far have focused on selecting important frames in a video.
However, real-world video summarization applications require summary videos that capture not only the
important parts but also the overall context of the entire video. In this paper, we propose a technique for
creating a summary video that includes both important frames and frames containing the context of the entire
video, and implement an application system that allows users to control the ratio of the two.

3. Proposed Approach

In this section, we describe the process and algorithm for video summarization by adjusting the ratio between
highlight-centric and story-centric summarization.

3.1 Overview

Figure 1 depicts the video summarization model proposed in this study, which consists of three main steps.
Figure 1(a) shows the first step which involves dividing the original video into multiple segments and
determining the importance of each segment. Figure 1(b) shows the second step which calculates the fitness
score of each segment by considering both the importance and diversity of each segment, selecting the
segments with the highest fitness score while ensuring the summary video does not exceed the length constraint.
Finally Figure 1(c) shows the third step which resizes all selected segments to minimizes audio discontinuities
and connects them to generate the final summary video.
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Step 1: Calculating the importance score for each segment
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Figure 1. Overview of our approach
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The first step is to divide the video into segments and determine their importance. In this paper, a segment
is a single scene composed of several consecutive frames. In this step, we assign importance scores to
representative frames and simultaneously segment the video into scenes using the TransnetVV2 model. Then,
the importance score of each scene is calculated by adding up the importance scores of the representative
frames belonging to each scene. Representative frames are selected at one-second intervals, and scores are
assigned only to them. Subsequently, the importance score for each scene is calculated by aggregating the
importance scores of all representative frames belonging to that scene. The importance score of a scene is the
highlight score of the scene. Scenes are selected in order of importance score so that the length of the summary
video is less than the target length L, and these are connected to create a summary video with 100% highlights.
Connecting these selected scenes generates a summary video composed entirely of highlights. Since this paper
summarizes the video based on the user-specified highlight and story summary ratio value w, the importance
value of each scene is recalculated by reflecting the w value and scenes with high importance scores are
selected. During this process, it ensures that the selected scenes do not exceed the target summary length L.
Finally, it examines the audio of each selected scene and adjusts the scene length to prevent audio
discontinuities, thereby generating the summary video.

3.2 Stepl: Calculating the importance score for each segment

3.2.1 Extracting visual features

First, we utilized the pretrained Inception V3 model[12], trained on the ILSVRC 2012 (ImageNet)
classification benchmark, to analyze the visual features of each representative frame and generated a visual
feature vector consisting of 2048 values representing color, texture, shape, objects, and other visual elements.
The original training of the Inception V3 model relied on the RMSProp optimizer with a decay of 0.9 and € =
1.0, utilizing a starting learning rate of 0.045 that was exponentially decayed by 0.94 every two epochs. To
ensure stability, the training incorporated gradient clipping with a threshold of 2.0. This information is utilized
in subsequent steps to determine the importance of frames and assess the similarity of segments. Since the
trained Inception V3 model achieves optimal performance with input images of 299x299 pixels, all frames
were standardized to 299x299. Additionally, the vector size was reduced to 1024 dimensions to match the 1fps,
1024-dimensional Inception-V3 feature specification used in the Mr.HiSum dataset[13].

3.2.2 Calculating the importance score of each frame

Video summarization is a matter of selecting which frames from the original video. Therefore, the process
begins with assigning importance scores to individual representative frames. In this paper, we utilized the
PGL_SUM model[11] trained on the Mr.HiSum dataset[13] to assign importance scores ranging from 0 to 1
to each representative frame in the video. Figure 2 illustrates an example of importance score assignment for
individual representative frames. In this paper, we will refer to the representative frame simply as a frame from
now on.

frame: frame: frames frames frames frame n framen

0.85 0.92 0.89 0.68 0.65

Figure 2. The importance score for each frame
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3.2.3 Segmentation

If a summary video is created by simply connecting the selected frames based on the importance scores
assigned to the frames, the summary video will not be natural visually or semantically. Therefore, it is desirable
to recognize multiple frames that are visually, temporally, or spatially continuous as a single scene and create
a summary video by connecting appropriate scenes. In this paper, we employed the pretrained TransNet V2
model[14] for scene detection in videos. Scene changes were identified using the model’s default threshold of
0.5. We refer to these scenes as segments throughout this paper.

3.2.4 Calculating the segment score

After dividing the video into segments, we calculate the importance score of each segment based on
importance scores assigned to frames belonging to each segment. For this, we first compute the mean y;,
maximum m;, and standard deviation o; of importance scores of all frames contained within s; for all
segments {s;, sy, **, s, }. We then define the importance score I(;) for s; using the following formula.

IQ=aw+A—-a)m—pB o (1

In formula (1), the coefficient a € [0,1] is a value to balance the relative contribution between mean and
maximum values, and a coefficient f >0 is a value to mitigate excessive fluctuations in importance
evaluation by incorporating the variability of frame importance scores. The larger the a value, the more the
importance of the frames belonging to the segment is emphasized on average, and the smaller the a value, the
more the importance of a specific frame belonging to the segment is reflected. This approach ensures that
frames reflecting critically important situations receive higher importance scores. The parameter ¢ adjusts
the segment score based on the standard deviation of importance scores among frames, preventing
overestimation of segments with high score variability.

In our system, we set « = 0.7 to prioritize stable evaluation based on mean values, and set ¢ = 0.3 as the
deviation adjustment coefficient. These parameters represent an optimized configuration that prioritizes
segments with consistently high importance while mitigating the adverse effects of excessive variation among
frames within segments. Figure 3 shows a sample of the assignment of importance scores to each segment.

segment segment: segment n

0.88 0.66 0.83

Figure 3. The importance score for each segment

3.3 Step2: Calculating the fitness score of each segment

3.3.1 Calculating the diversity contribution of each segment

To create a highlight-focused summary video, one can simply concatenate segments with high importance
scores. However, a well-summarized story-based video is a collection of evenly selected segments throughout
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the video. To create a strong story-driven video, one need to select segments across the entire video, selecting
segments that have low similarity to each other.

For this purpose, this paper introduces the concept of diversity. Diversity refers to the degree to which
segments selected for the summary video contain distinct visual information from one another. The goal of
diversity is to include as many different scenes as possible by reducing the proportion of similar footage within
the summary video.

To achieve diversity in summary videos, we must first calculate the diversity contribution each segment
makes to the entire summary video. The diversity contribution is computed using cosine similarity based on
the visual feature vectors between segments. For this purpose, the following notations are defined.

e V ={s,s, .. sy} The entire set of video segments

e A cV : Thesetofsummary segments selected so far

e j €V \ A : The candidate segment under consideration for selection

e ¢ . Thelength of segment j

e I(j) : The importance score of segment j

e D(j| A) : The diversity contribution that segment j increases when it is added to the current set A.
e sim(i,j) : The cosine similarity between segments i and j

e w €[0,1] : A weight that adjusts the balance between story-based summarization and highlight-based
summarization

e L : The maximum allowable length of the summary video
e v(j) : The final value of candidate segment j
e f(j) : Thefinal fitness of candidate segment j

Now, let us calculate the diversity contribution of each segment. Let A be the set of summary segments
selected so far from the entire segment set V = {s;,s, .. sy}, and candidate segment j is repeatedly searched
until the length of A does not exceed L. The importance score I(j) and length ¢; and of each candidate
segment has been calculated in the previous step. The diversity contribution D(j | A) represents how much
segment j enhances the diversity of the summary. This paper utilizes the concept of coverage to calculate the
diversity contribution. Coverage refers to how well a specific segment i is represented by the set A of
currently selected summary segments and is defined as follows.

Coverage(i,A) = maxsey (sim(i, s)) (2)

In formula (2), sim(i, s) is the visual similarity between segments i and s, which is the value calculated
by cosine similarity between vectors using the previously extracted visual feature vectors. That is, the similarity
value with the already selected segment s that is most similar to i becomes the coverage of i.

The coverage increase is a value that indicates how much the coverage for all segments i increases
compared to the existing one when selecting candidate segment j, and is defined as follows.

ACoverage(i,j,A) = max(Coverage(i,A),sim(i,j)) — Coverage(i,A) 3)
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In formula (3), max(Coverage(i,A), sim(i,j)) means the larger value between the cosine similarity of
segment i and segment j and the similarity between segment i and the segment with the highest similarity
among the set A of currently selected segments. The formula (3) indicates how much the representativeness of
segment i is improved compared to before by adding segment j to set A. The sum of these coverage
increases, each multiplied by the importance (i) of segment i, constitutes the diversity contribution D(j | A),
which is defined as follows.

D(jl4) = Z 1(i) - ACoverage(i, j, A) 4)

i€V

In formula (4), the reason why we multiply by importance I(i) is that more important segments have a
greater impact on the story. Even among segments with the same coverage increase, selecting those with higher
importance better conveys the story.

In this way, the diversity contribution quantitatively represents how much new information a candidate
segment adds to the existing selected set. Segments with high diversity contribution have less information
overlap with already selected segments, and greatly improve the representativeness of important segments.
Therefore, segment i with high I(i) and low similarity to the existing selected set A has a higher
probability of being selected.

Existing diversity measures primarily focus on maximizing dissimilarity between segments
to avoid selecting visually similar scenes together. While this approach allows for the inclusion of seemingly
diverse scenes, it fails to capture the contribution of new information each segment adds to the overall summary,
i.e., the expansion of meaningful content. As a result, the summary retains diversity but suffers from a loss of
representativeness. In contrast, our proposed diversity contribution quantifies how much new information each
segment contributes to the existing summary set as a coverage increase(ACoverage), and scales this
contribution by the importance of each segment. This enables the inclusion of new information while ensuring
that scenes crucial to the storyline are maintained, thereby achieving a higher level of semantic and
representational balance than simple dissimilarity-based diversity.

3.3.2 Calculating the diversity contribution of each segment

Now, the value wv(j) of representing the value of candidate segment j is defined by combining the
importance I(j) and the diversity contribution D(j | A) ina weighted sum, as follows.

v(j) = A =w)-I(j) + w-D(jlA) (5)

In formula (5), w € [0,1] is a weighting parameter that controls the balance between highlight-centric
(importance-based) and story-centric (diversity-based) summarization. As w approaches 0, segments with
high importance are increasingly prioritized; as w approaches 1, segments with high diversity contribution
are increasingly prioritized. The weighting parameter w € [0,1] is manually determined by the user to
control the balance. For story-centric summarization, one might consider simply selecting segments across the
entire video at equal time intervals. However, this method increases the tendency for important segments to be
omitted, resulting in poor story representation. Therefore, this paper selects segments based on diversity
contribution that reflects importance, ensuring that segments crucial for story formation are included while
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also achieving balanced segment selection across the entire video.
To reflect the efficiency of short and high-value segments, we define the final fitness score f(j) of segment
j as the value per unit length (seconds).
L _v()
fG) =— (6)

Gj

In formula (6), v(j) isthe value of the segment j and ¢; is the length of the segment ;. This value serves

as the criterion for selecting segments that can most efficiently pack information within the maximum
allowable time L of the summary video.

3.3.3 Final selection of segments for summary video

The final segment selection process utilizes a method for solving the 0-1 Knapsack problem, with the
algorithm depicted in Figure 4. This process begins with an empty set 4 of summary video segments and
iteratively adds segments with the highest f(j) values to this set, ensuring the total video length does not
exceed L. The algorithm represented by Figure 5 has a time complexity of O(hxm) for selecting m segments
from n when the number of segments in the original video is n and the number of segments in the summarized
video is m. And The requirements for the size of memory or auxiliary storage devices are not particularly large.
Even if this algorithm is run at the user's request in a system with a large number of videos, it is not considered
a major problem because video summarization does not require real-time processing that requires an extremely
immediate response. We leave improving the algorithm to reduce time complexity for future research.

Algorithm  Final Selection of Segments for Summary Video

Require: Candidate segment set V = {s1,82,...,8n}
Require: Segment lengths {ci,¢2,...,cn}

Require: Maximum summary length L

Ensure: Selected segment set A

1. A« w

2: T« 0

3: while T' < L do

4: U+~V\A

5: if U = () then break
6: end if

7: for each 7 € U do

8: Compute v(j) for current A
0 1) v/
10: end for
11: j* {— argmax;ecu f(_])
12: if T'+ ¢;« < L then
13: A<+ AU {j*}
14: T+ T+ c¢j-
15: else
16: break

17: end if
18: end while
19: return A

Figure 4. Algorithm for final selection of segments
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3.4 Step3: Segment resizing for uninterrupted voice

Since segments were divided based on visual features, segment boundaries may not align with the start and
end points of speech utterances. Therefore, concatenating segments without considering speech boundaries
would result in an unnatural summary video with broken voices. In this study, we performed segment resizing
for each segment in the summary set A, resizing segments both forward and backward to encompass the start
and end points of speech utterances. This section describes this process.

3.4.1 Speech segment extraction

First, the audio portion is extracted from the original video. Then, using the pretrained Whisper and
pretrained Silero-VAD models, noise is removed, speech segments are detected, and the start and end points
of each segment are identified and stored. Silero-VAD uses a manually set threshold of 0.3, and no additional
parameter tuning or model optimization was applied. Whisper transcribed the detected segments using default
inference parameters with word-level timestamps.

3.4.2 Segment Boundary Adjustment and Overlap Resolution

Each segment s; in the summary set A = {s;,s, .. sy} consists of a tuple [s; 5*%"*,s; e*?] of a start point
s; start and an end point s; ¢4, and all speech regions are extracted from the original video and are constructed
asaset V = [[v, start, p,end], ... [v, Start yyend]] Then, for each segment, we compare whether it falls within
the set V. If it does, the segment's start and end points are adjusted to match the speech region according to
the following equation

s start _ min(s start, vstart) — 6before (7)
s end — max( s end’ vend) + 6after (8)

In formula (7) and (8), s’ $t*"t and s’ ®™¢ are the adjusted start and end boundaries for segment s,
respectively. In formula (7), min( s 5S¢4t pStart) means the smaller value of s5t¢"t and v5t@"t and the
start point of segment s is moved back by Sperore. In formula (8), max( send, vend) means the larger
value of s€™ and v, and the end point of segment s is moved forward by Safter. Opefore ANA Sqrrer
represent the margin times for boundary adjustment, and we set them to 0.2 seconds and 0.35 seconds,
respectively.

4. Evaluation
This section presents the evaluation of the performance of the summarization technique proposed in this
paper.

4.1 Overview

The performance evaluation of the summarization technique proposed in this paper was conducted from two
perspectives. First, we evaluated whether the highlight sections of the original video were well reflected in the
summary video. Second, we assessed whether the story of the original video was well captured in the summary
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video. For this evaluation, we performed experimental analysis using 50 randomly selected YouTube videos.
To evaluate the first aspect of performance, we examined whether the YouTube Most Replayed sections
representing highlight areas were included in the summary videos generated using our proposed method.
Second, to verify performance if the latter, we evaluated the similarity between synopses generated by the
LLM for the original videos and those generated for the summary videos.

4.2 Evaluation Result

4.2.1 Evaluation of YouTube Most Replayed Section Matching

YouTube provides 'Most Replayed' section information for each video based on repeat playback data. This
information can be considered highlight data representing the important parts of a video, as it constitutes
objective data based on the behavior of a large number of viewers.

We selected 50 videos in 9 genres from YouTube and summarized them, as shown in Table 1. Then, we
evaluated the performance by counting how many Most Replayed Sections in the original video is comprised
in the summarized video for each video based on the information provided by YouTube. The evaluation results
showed that the average match was 93.7%. This result demonstrates that our video summarization technique
captures points deemed important by users.

Table 1. Dataset used for experiments

Item Details

Number of videos 50

Original video length 20 min ~ 35 min

Summary ratio 20%

Video genres Movie (10), Variety (8), Vlog (8), Drama (6),
Documentary (5), Animation (5), Cooking (3), Review (3),
Game (2)

Video source YouTube

Figure 5 is a part from a short YouTube clip of the movie 'My Neighbor Totoro', illustrating this comparison.
The gray areas in the unfolded video frames indicate YouTube's Most Replayed sections, while the red bars
represent segments included in the summary video. This video has four Most Replayed sections (S1, S2, S3,
S4), and you can see that they are all selected as segments of the summary video.

P o) 1:58/2:50
Selected Segments for Summary [T Youtube Most Replayed

Figure 5. Comparison of Most Replayed Sections and segments in the summary video

4.2.2 LLM-Based Synopsis Consistency Evaluation
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To evaluate whether the video summarization technique proposed in this paper effectively captures the
overall narrative structure and context of the original video in the summary video, we evaluated a synopsis
consistency using Google Gemini 2.5 Pro, an LLM. First, we generated synopsis texts for 50 original YouTube
videos and summarized videos using Google Gemini 2.5 Pro., respectively. The same dataset described in
Table 1 was used for this evaluation. Then, we had Google Gemini 2.5 Pro evaluate the consistency of the core
topics, flow of events, and key information between the two texts, and achieved high performance with an
average of 92.8% agreement. Figure 6 shows the results of comparing the synopsis of the original video and
the synopsis of the summary video for a sample of the movie 'My Neighbor Totoro'. Figure 6(a) is the synopsis
of the original video, Figure 6(b) is the synopsis of the summary video, and Figure 6(c) is five sample video
frames from which text synopses were derived. These experimental results demonstrate that the story-centric
summary video proposed in this paper effectively preserves the overall meaning and context of the original
video.

(@@ discovers a mysterious hole Q@ discovers a dark opening
at the base of a tree at the base of a large tree
@ falls down a slide-like passageway. @ falls down into the hole.

@ onto the belly of the sleeping Totoro
@ onto Totoro's stomach t

(@ Totoro does not @ he shows no
threaten May sign of threat () the girl
(® May asks "Who are curiously asks, “Who are you? Are you a Makkuro
you? Are you a makurokurosuke?" Kurosuke?”
@ her first encounter with this mysterious
(®) her first encounter with Totoro creature
(a) Original Video Synopsis (b) Summarized Video Synopsis

B -

(c) five sample video frames from which text synopses were derived.
Figure 6. Comparison of synopses of original and summarized videos generated by LLM

4.3 Discussions and future works

We have some points to discuss when considering the results of the performance evaluation. First, our
method does not work for all videos. The videos we selected as experimental subjects in Section 4.2.1 were
videos with highlights. Our method does not work effectively for boring videos with no distinctive features.
Also, it does not work effectively for videos that require expertise in interpreting highlights, such as sports
videos. In addition, it does not work effectively news or product reviews where the highlights are not strong
and the audio continues seamless, making it difficult to segment them without interruption. Additionally, even
within the same genre, summary performance varies greatly depending on the content of the video. We believe
that further detailed research and experiments are needed on these issues.
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Second, although the diversity distribution method proposed in this paper for story-centered summarization
is based on visual features and cosine similarity between segments rather than the content of the video, the
experimental results in Section 4.2.2 confirm that the context of the original video is relatively well reflected
in the summarized video. This method, which utilizes cosine similarity, has the advantage of saving processing
time because it uses the visual feature data of the initially analyzed video to find the highlight segments. f
additional methods such as the LLM are used to understand the content of the original video, the summarization
time may increase further. However, we believe that future work is needed to study methods that directly and
deeply capture the context of a video, such as LLM, to compare their performance with the current method or
to include them in our system.

5. Conclusion

Most current video summarization techniques focus on identifying important segments within long videos
and connecting them to create short videos. However, many video summarization applications require not only
important segments but also the inclusion of the entire story from the original video. Therefore, this paper
proposed and implemented a video summarization technique that can adjust the ratio between highlights and
story.

The contributions of this paper are as follows. First, to include the storyline of the original video in the
summary video, we introduced the concept of diversity contribution for each segment and selected segments
with high diversity contribution to ensure even distribution across the entire duration. Second, we introduced
a weight value w to adjust the ratio of highlight segments and story-inclusive segments, allowing users to set
this value. Third, we proposed and implemented a segment resizing algorithm within the summary video so
that the voice does not break up. Fourth, we implemented a video summarization system and validated its
summarization performance through experimental evaluation. Performance evaluation results demonstrated
that the summary video not only effectively incorporate important parts of the original video but also
effectively preserve the original video's context.

However, this system has limitations in its use in all application areas due to its uncertain performance
depending on the genre and content of the video. There are still challenges to be solved through further
experiments and the combination of techniques that more closely analyze the context of the video.
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