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RESEARCH ARTICLE

Video Summarization Based on the Difference in
Statistical Histograms of Fuzzy Clustering
Features

Ekhlas Falih Naser

College of Computer Sciences, University of Technology, Baghdad, Iraq

ABSTRACT

The quantity of video footage produced has skyrocketed in the last several years. The enormous increase in video
content creates issues with content management. Video and image processing technologies need to receive greater
attention to handle the increasing number of videos on the internet and to extract reliable information from them.
Video summaries offer concise and streamlined depictions of the content of a video stream. This research aimed to build
a methodology for video summarization utilizing the difference in the histogram of video frames using three stages.
Frames were elicited from the video, and then SIFT detectors were utilized in the first stage to elicit interest points from
each frame. Fuzzy C-means clustering was used in the second stage to collect the interest points. In the third stage,
the histograms were made via the number of points for each cluster. The cluster number is represented by the x-axis,
and the number of points in each cluster is represented on the y-axis. In order to elicit the summary frames, a value
was manually entered, and then a query histogram was built based on these values. The Manhattan metric was used to
compare the query histogram with all the histograms constructed in the third step. Experimental results displayed that
the mean amount of time for clustering baby video is 3.860 with the proposed method, while the time was 9.670 to

cluster the same video using all pixels; also, the precision was 94, the recall was 91, and the F1-score was 93.

Keywords: C-means clustering, Histogram, Manhattan distance measure, SIFT, Video summarization

Introduction

An effective design for the various image processing
models is necessary to perform video summarization
for large-sized sequences. ! Any design should involve
detecting shot boundaries:? different shot boundary
clustering, event classification, shot boundary and
event feature estimation, final summarization, etc.3*
Large-sized videos are converted into smaller chunks
via event timestamp estimation.® For effective sum-
marization, further analysis is performed for each
of these smaller chunks, depending on various fea-
tures extraction and classification methods.®’ To do
so, a variety of event-based key-frame extraction
models for video summarization are suggested by re-
searchers.®. One method for cutting lengthy videos

into shorter ones is video summarizing. Static and
dynamic summarizing are the two main approaches
to video summarization. Key frames and skimming
are the two approaches utilized to get the summary.°
The ability to view shorter videos from the original
video, which may be difficult to watch in its entirety,
where a summary is all that is needed to comprehend,
is one of the many benefits of the video summarizing
technique. Once more, while using a mobile device,
the video summary helps save memory, extend bat-
tery life during downloads, and lower the cost of
downloading a video, particularly for short videos
that consume little data. '° Once again, video summa-
rizing techniques make browsing faster, particularly
when indexing content, since many people stream
stuff online, including music, movies, and soccer. !
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Fig. 1. Video summarization by mapping F: V\—>s.*

Fig. 1 expresses the essential architecture of video
summarization with the mapping procedure among a
large number of frame sequences (the input) and sum-
marizes the short and selected frame sequences.'?
The contributions made to this study include:

1. The SIFT detector was utilized to extract addi-
tional interest points.

2. To effectively gather the interest points, fuzzy
c-means clustering was utilized.

3. To reduce execution time and lower complexity
in the video summarization process, a histogram
was employed for the extracted interest points
rather than using all pixels.

The remaining sections of the search consist of re-
lated works, methodology, Experiments and results,
and conclusion.

Related works

Using frame-or shot-level video data as input, the
video summarization approach trains the model to
predict significance scores. This method uses the dif-
ference between the annotated significance score and
the forecasted importance score to calculate the cost
using the dataset.'® The process lowers the price of
identifying the ideal model. Numerous approaches
have been put out, including:

+ The authors in'* introduced the mechanism that
is built for the histogram of color, one of the
lower-level attributes. In this research, detection
of edges and histogram of color were the key
metrics that were utilized for the elicitation of
a key frame. The major objective beyond these
metrics is to make certain that redundancy is
isolated or discarded from the frame to permit
sufficient efficiency of recognition and a smaller
amount of complexity. The fact that they only use
image color histograms is their main drawback.
This indicates that the textures, edges, or true
significance of the photographs’ content are not
captured.

+ The authors in'® introduced the ultimate sig-
nificant mechanism for summarization of video
via matching variances between two successive
frames of video, which is calculated beside vary-
ing weights. Boundaries Detection of shots is
achieved by relying on an automatic threshold.
Ultimately, the elicitation of videos’ key-frames
is carried out via utilizing the frame’s reference-
based mechanism. The main limitation with suc-
cessive frames of video is that each frame is
typically very similar to the previous frame, as in
the limiting case of video of a still image.

+ The author of'® looks into the value of nearby
characteristics in producing video summaries. The
suggested method makes use of SIFT features and
is based on a bag of visual words. This method was
tested against summaries produced using global
features in an exploratory manner, and the results
showed that while the local feature-based method
did not perform better than the other methods,
it appeared to be more reliable. Additionally, the
extraction of features from SIFT and the discovery
of visual words, which required 10 times longer
than the extraction of all global features, demon-
strates the disparity in runtime among the various
approaches. High computational complexity, the
requirement for a large number of values to rep-
resent features, and computational intensity are
some of SIFT’s drawbacks. In some applications,
its high memory consumption and computational
expense may act as a barrier.

The suggested methodology was similar to the
method utilized in reference' in that both method-
ologies rely on calculating the histogram to elicit the
key of the summarized frame, while the suggested
methodology differs in that it relies on construct-
ing the histogram based on the number of interest
points in each cluster, and thus the execution time
for extracting the summarized frame will be reduced
and the complexity will also decrease, while in ref-
erence'* the histogram was also constructed form
all the colors of the image, which requires a longer
execution time.
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The suggested methodology was also similar to
the methodology utilized in reference'® in that both
methodologies depend on the SIFT technique to elicit
points of interest, but the suggested methodology dif-
fers in that the process of extracting the summarized
frame is not directly based on these points, rather
clusters were created from these points, and then the
number of points in each cluster was relied upon,
which reduced the need for storage space for save
these points and reduced the degree of complexity,
while in reference'® the process of retrieving the
summary frame was done on all SIFT attributes, thus
increasing the degree of complexity and the need for
a large storage space.

Methodology

The suggested methodology for video summariza-
tion consists of three stages. Frames were elicited
from the input video, and then a SIFT detector and de-
scriptor were utilized in the first stage to elicit points
of interest from each frame. The SIFT technique
was applied as follows in the proposed methodology:
Eight neighbors, nine pixels from the scale above,
and nine pixels from the scale below are compared
to one pixel in a picture. A summary of the study’s
empirical findings on a number of parameters is as
follows: Number of octaves = 4, number of scale
levels = 5, initial ¢ =1.6, k = /2. An orientation his-
togram with 36 bins covering 360 degrees is produced
by weighting it by gradient magnitude and using a
Gaussian-weighted circular window with o equal to
1.5 times the key-point scale.

The highest peak in the histogram is chosen to
establish the orientation, and any peak that is higher
than 80% of it is also considered. It generates key
points with the same scale and location but different
directions. It maintains the stability of the match-
ing. Now, the key-point descriptor is ready. A 16 x
16 neighborhood is recorded around the key-point.
There are sixteen 4 x 4 sub-blocks within it. For
each sub-block, eight bin orientation histograms are
created. Consequently, the total number of bin values
is 128. It is represented as a vector in order to gen-
erate a key-point description. Furthermore, certain
measures are used to guarantee resistance to rotation
and illumination variations.

To collect the points of interest that were extracted
from the first step, C-Means clustering was used in
the second stage, and the proposed methodology re-
lied on three clusters. The proposed methodology for
constructing the clusters was based on the following
parameters (the number of clusters was 3, the maxi-
mum number of iterations was 20, and the precision
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was 0.00001). Adopting these values for C-means co-
efficients reduces the time required for clustering.

In the third stage, the histograms were made based
on the numbers of points for each cluster, and then
the number of each cluster was stored in the file. The
cluster number is represented by the x-axis, and the
number of points in each cluster is represented by
the y-axis. In order to elicit the summarized frames,
the tested number of interest points was selected for
each cluster from the file, then the tested histogram
was built based on these points. The Manhattan scale
was used to compare the tested histogram with all the
histograms that were built in the third step, and all
frames that had different histograms were determined
to elicit the key frames and build the summarized
video. The flowchart of the proposed method can be
shown in Fig. 2.

Scale invariant feature transform algorithm (SIFT)

The SIFT algorithm consists of the following stages:
detecting the extreme value of the scale space, localiz-
ing keys, determining orientation, and describing the
key point. These are the four components that make
up the conventional SIFT method.'”

Detecting the extreme value of the scale space

Differential Gaussian functions are used to iden-
tify the sensitive spots, which are never changed to
scale and rotation. Egs. (1) and (2) illustrate how the
Gaussian differential procedure and the initial picture
are primarily convolved to produce the image’s scale
space Eq. (2).18
1 9 0-3)

e 202
2792

(x,y.2) = (@))

L(x,y,0) =G (x,y,2)xI(x,y) (2)

Where the scale space is L(x, y, ) and Gaussian blur
is G(x, y, z). The initial image is I(x, y), where (x, y)
are the image coordinates of any pixel, d is the spatial
scale, and (m, n) are the measurements of the image.
Calculations determine the space maximum detection
using the difference of Gaussian (DoG) detection can
be illustrated in Eq. (3).'8

D(x,y,0) =(G(x,y, ko) — G (x,y,0)) xI(x,y)
= (L(x,y,kd) —L(x,y,d)) (3)

k = multiplication factor and S = integer value.'®
Eq. (4) describes k’s computation:

k=2% 4)
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Enter the tested
number for each
cluster

Build a query histogram based on
the numbers entered in each cluster

2

Histogram Differencing Matching
using Manhattan Measure

|

Extract all summarized frames that
have different histograms

Fig. 2. A flowchart of the proposed system for summarized frames.

By contrasting images of double neighboring layers
in the DoG space in the same set, the key points,
which are local extremes, are first identified. A com-
parison is performed between each pixel and its
neighbors to determine whether it is bigger or smaller
than them in the image and the scale domain to locate
the extreme point in DoG space. As described in Fig. 3,
the detection point in the center (denoted by X in
Fig. 3) is compared with its 8 neighboring pixels of
the same plane, the 9 x 2 points corresponding to
the higher and lower neighboring planes, for a total
of 26 pixels, to make sure that maximum points are
discovered in both scale space and 2-dimensional im-
age plane. %’

P

Fig. 3. Spatial extreme detection.?’

Key point locating

The maximum point is not the actual extreme point
in the distinct space. The process of employing well-
defined discrete space point interpolation to acquire
an extreme point in continuous space is known as sub-
pixel interpolation. ?? The scale-space (DoG) function
is subjected to a curve-fitting procedure to enhance

the stability of the key spots. Using the Taylor exten-
sion of the plane space Eq. (5).%

D D 8DTX 1XTD82 5)
=D+ 53X+ 2% e
In Eq. (5), the key points are calculated using the
formula X = (x, y, d) T to produce a robust edge
reaction. To determine the threshold, it was necessary
to remove the unstable edge response points. %3

Determining the direction

After finding the key points (in the scale space),
using local image features is necessary for assigning
a reference direction to all the key points to get
rotation invariance for the descriptor. The reason
for using the image gradient method is to find
the stable orientation of the local construction.
Eq. (6) shows the magnitude and direction of the
gradient.

2
m (x.y) = (L(x+1,y)—L(x—1,y)) , ©)
+(L(e.y+1)—L(x.y—1))

Where L is the value of the scale space where the
key points are situated, q is the gradient direction,
and m(x, y) is the gradient value. In a specific area,
the histogram is employed to tally the key point
gradient directions, to identify the direction that cor-
responds to the highest histogram peak, and then
to employ that direction as the primary key point
gradient direction. >
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Fig. 4. 128 dimensional feature descriptor.2*

Description of the key points

From the above, the following information is ob-
tained: position, scale, and orientation. For each key
point, a descriptor is established, and a set of vectors
is utilized to define the key point to prevent any
changes in lighting or perspective. In addition, this
descriptor includes the pixels surrounding the key
points that affect it. The descriptor must be unique in
order to increase the likelihood of the feature points
properly matching. The creation of the key point iden-
tifiers is depicted in Fig. 4. Before dividing the 4 x 4
grid into sections, choose a square area (of a 16 x 16
grid) to surround the feature points. Then, compute
the collective gradient amounts of 8 orientations (one
orientation for each 45 degrees) for each sub-region,
and a 4 x 4 x 8 (128) dimensional feature descriptor
is generated for each feature point. **

The feature vector of the critical point is the 4 x 4 x
8 = 128 gradient data. The feature vectors must then
be normalized to eliminate the impact of illumination
variations. The adjusted eigenvectors are displayed in
Eq. (7).22
w; = —{128 (7)

> j=1 fi

Where w; = the normalized vector; fi = the initial
feature vector; j = (1, 2, 3....). Setting the threshold
number truncates the larger gradient values. After-
ward, execute a normalization procedure to improve
the ability to distinguish between features. SIFT char-
acteristics need a lot of calculations and might not be
the best for urgent applications, even though they are
typically resistant to scaling and rotation. Since the
suggested work is offline rather than real-time, SIFT is
used in the suggested method. In addition to its ability
to tolerate rotation, SIFT offers important points of
interest. Future work should use ORB or SURF.

Features clustering using fuzzy C-means (FCM)

FCM is a powerful unsupervised method for data
analysis, and its mode of construction is fuzzy clus-
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tering. Objects on the boundaries of multiple classes
are given membership degrees ranging from 0 to 1,
signifying their partial membership, rather than be-
ing compelled to fully belong to one of the classes.
The FCM clustering algorithm is one of the often-
used methods among related fuzzy models. Fuzzy
clustering algorithms can be utilized to determine
overlapping clusters in the data set and to count
the function of membership, which indicates the de-
gree to which objects belong to clusters. By using
fuzzy partitioning, the FCM allows a data point to
be a member of any group with a membership grade
ranging from 1 to 0. This approach can be used to
declare membership for each data point that cor-
responds to each cluster center depending on the
distance between the cluster and the data point cen-
ter. Additional data is located close to a cluster center,
and its membership extends across a particular cluster
center. Each data point’s addition from membership
must equal one. This algorithm assigns a membership
value between 1 and O to the data items for the
clusters. In order to support it, overlapping clusters
can be formed by incorporating a certain number of
fuzzy sets with partial membership.?®> An argument
known as a fuzzification (m) with a domain [1, n]
is needed for this procedure. The degree of fuzziness
in these clusters is ascertained using this fuzzification
argument. This algorithm functions as a crisp portion-
ing algorithm when the value of (m) equals 1, and
the overlapping of the clusters tends to be greater for
bigger values of (m). The procedure uses Eq. (8)%° to
calculate a membership.

1
1 \m1
(&)
1
P 1 m—1
2k=1 (a)

where (dj;) is the distance of (X;) in the cluster (C)),
(m) is the fuzzification parameter, (p) is the number
of specified clusters, (dy;) is the distance of (X;) in
the cluster (Cy), and (u; (X;)) is the membership of
(X)) in the cluster’s (j"). By employing Eq. (9),%°
the most recent cluster entries are calculated with a
membership value.

value.uj (X;) = (8

p
D ouiG) =1 9
j=1

Eq. (9) is used to calculate the most recent member-
ship values, which are then calculated using Eq. (10).

i [ xD)]"xs
o xo]”

Where (m) is the fuzzification parameter, (G;) is the
center of the (jt") cluster, (x;) is the i data point, and

(10)
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Enter the tested values manually for
cluster;, cluster,, cluster;

\:

i=1

1<=No. of frames
in the video

Extract the value of each cluster in the
frame[i] cluster;[i], cluster,[i], and clusters][i].

|

i=i+1

Apply Manhattan Measure:-

\cluster, [i] — cluster; |

stery [i] — clustery] <=0

and
[i] — cluster, | <>0
and

Extract frame[i] as summarized frame

Fig. 5. The flowchart for extracting the summarized frames.

(1) is the function that returns the membership. By
using this form specifically, the weighted average’s
form can be calculated. It is possible to calculate
the degree of fuzziness in (x;’s) present membership
and multiply it by (x;). The product obtained is di-
vided by the sum of the fuzzified memberships. This
method is utilized to calculate recent centroids.?’
FCM is frequently employed in target identification,
shape analysis, image analysis, medical diagnosis,
and pattern recognition. Using the idea of member-
ship ratings of fuzzy logic sets, the FCM technique
allows each point in the dataset to be an element of

multiple sets to varying degrees. With this feature, it
is inherently possible to learn a point’s relationship
to various cluster centers, which is impossible with
hard k-means clustering. Fuzzy membership degrees
are naturally interpreted to create the FCM clustering
method. As a result, it was decided to concentrate on
clustering using fuzzy logic in this research.?® The
FCM algorithm’s stages are as follows:

1. The first stage in the FCM algorithm is the as-
signment of an initial random centroid to each
cluster.
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2. A straightforward algorithm is used to deter-
mine the separation between each spot and the
cluster center.

3. Recalculate the membership function based on
the separation between each point and the clus-
ter at the middle.

4. Recalculate the center based on the membership
function.

The algorithm will end if the difference between the
initial centroid and the subsequent one is less than a
predetermined threshold, such as €, otherwise, it will
keep running until this condition is met.

Histogram differencing

The main purpose of the histogram differencing
section is to construct histograms for all video frames
based on the number of interest points in each cluster
that were obtained using FCM. Then, the sequence
of each frame in the video with the number of in-
terest points in each cluster was saved in a file.?’
To extract the summarized frames, the different his-
tograms were adopted after manually entering the
query number for each cluster as a histogram query.
The tested input values should be among those stored
in the file, allowing the summarization process to be
conducted using the histogram filter present in the
video. The Manhattan method was used to extract
the frame sequences with different histograms to gen-
erate the summarized frames and display them to
get the summarized video. Through a special step of
indexing, Manhattan’s amount of clustering is used
to achieve the haste of feature similarity.*" If the
grid is followed, the distance would be calculated by
using the Manhattan function to go from one data
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point to another.®! Manhattan distance is calculated
by adding the differences between two components’
corresponding parts.>! The computation is described
in Eq. (11).%2

n
Z Ixi — yil
i=0

Where, point X = (X1, X2, etc.) and point Y = (Y1,
Y2, etc.)

The flowchart for extracting the summary frames is
shown in Fig. 5.

Histograms differencing based on Euclidean dis-
tance captures the meaningful frames for summa-
rization via comparing the interest points in cluster
X with the values of the interest points in cluster
Y by pixel-level-based euclidean distance measures
the straight-line distance between two points and
is suitable for continuous features with few at-
tribute spaces. Manhattan distance calculates the
sum of absolute differences and is suitable for high-
dimensional data. Cosine similarity is derived from
the cosine of the angle between two vectors, so it
requires more complex calculations. For this rea-
son, the proposed method relies on using Manhattan
to find the difference between the query values of
the histogram and all the stored histogram values
in the file to extract the summarized keyframes
based on different histograms, since the method deals
with video data that are large in size and high in
dimensions.

an

The proposed algorithm

The proposed algorithm is explained in Algorithm
1.

Algorithm 1: (Video Summarization Algorithm)

Input: Video File, the numbers which represent the features within each cluster

Output: A brief representation for Video Frames.
Begin:

Step 1: Load the video, extract all frames, and store them in a database called (frms).

Step 2: Insert test values into EC. (cluster_test)
Fori =1 to F. counter // F = no. of Frames

// EC = Each Cluster

1. Detect the points of interest from (frms[i]) using the SIFT detector.
2. Implement the C-means clustering method for all the interesting points in frms[i] to get the clusters that include

interesting point values in EC.

3. Create a histogram depending on the number of the interesting points in EC.

End loop
//For Extracting Keyframes

Step3: Insert the query number for each cluster, and then build the query histogram.
Step4: Extract all frames from frms[i] that contain different histograms than the query histogram by applying Eq. (8)
Step5: View all keyframes generated from step 4 as a representation of the summarized video.

END
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Fig. 6. a) Baby video, b) Original frames elicited from a video.

Fig. 7. Points of interest are elicited via applying the SIFT detector
and descriptor.

Experiments and results

In this section, the experimental results of the pro-
posed methodology are discussed and explained. The
proposed method was implemented using the C#
language. Ten types of videos were used to eval-
uate the proposed method, taken from the Kaggle
dataset.®®> The dataset contains color videos. The
proposed methodology standardized the size of each
frame to 640 x 480 pixels. The proposed method
includes several steps:

« Step 1. After uploading the video, all keyframes
were elicited as illustrated, in Fig. 6 for the Baby
video.

+ Step 2. The points of interest were elicited in the
second stage via applying the SIFT detector and
descriptor. The empirical of this stage can be il-
lustrated in Fig. 7 for Baby frames.

« Step 3. After the interest features were elicited
from all keyframes, the approach of C-means clus-
tering was used for those features to construct the
clusters, as exhibited in Fig. 8 for the Baby.

The value of the number points for each cluster for
a sample of baby video frames is shown in Table 1.
While the value of the number of points of interest for
each cluster for a sample of hammering video frames
is shown in Table 2.

Fig. 8. C-means clustering on baby frames.

Table 1. Frame number with value of each cluster for a sample of
Baby video frames.

Name No. Cluster 1 Cluster 2 Cluster 3
Frame 1 0 8 6

Frame 30 1 13 10
Frame 100 5 13 0

Frame 170 9 3 6

Table 2. Frame number with value of each cluster for a sample
of hammering video frames.

Name No. Cluster 1 Cluster 2 Cluster 3
Frame 1 15 7 30
Frame 25 6 25 6

Frame 98 5 11 10
Frame 121 11 4 16

« Step 4. The histograms were created using the
number of points for each cluster across all video
frames, and the counts for each cluster were then
saved to a file. To elicit the summarized frames,
the selected number of interest points was man-
ually entered for each cluster from the file. The
query histogram was built based on the values
of the clusters. The Manhattan scale was used
to compare the query histogram with all the
histograms that were built for all video frames,
and all frames that had different histograms were
determined to elicit the key frames and build the
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Cluster 2
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Cluster 3

Fig. 9. Histogram was built for clustering interest points of baby key-frames.

Table 3. The mean time consumed for the clustering process using only SIFT features (proposed
methodology) compared to the clustering process based on all colors (reference 14).

Mean of amount of time consumed for Clustering in Second

Clustering based on SIFT

Clustering with all Colors

Video Name No. of Frames features Only features (Reference 14)
Baby 250 3.860 9.670
Hammering 133 2.709 7.882
Car 120 2.635 6.930
Scoter 50 2.044 5.226

Fig. 10. Summarized keyframes are extracted using different his-
tograms of the baby video.

summarized video. For example, when you man-
ually enter a value of 2 for cluster 1 and a value
of 7 for cluster 2 and cluster 3 to summarize baby
video frames, the query histogram was displayed
in Fig. 9.

Step 5. The query histogram was compared with
each video frame histogram by using the Man-
hattan distance metric to extract the summarized
frames that have different histograms and dis-
play them as a summarized video, as presented
in Fig. 10 for the Baby video frames.

For example, Frame 30, which is one of the summa-
rized baby frames, has a different histogram (cluster
1 =1, cluster 2 = 13, and cluster 3 = 10) than the
query histogram, as can be seen in Fig. 11.

Fig. 12 shows the uploading of the Hammering
video.

The points of interest for Hammering frames can be
shown in Fig. 13.

The approach of C-means clustering for the Ham-
mering can be shown in Fig. 14.

When you manually enter a value of zero for cluster
1, a value of 10 for cluster 2, and a value of 30 for
cluster 3 to summarize hammering video frames, the
query histogram is displayed in Fig. 15.

The summarized video, as presented in Fig. 16 for
the hammering video frames.

For example, Frame 98, which is one of the sum-
marized hammering frames, has a different histogram
(cluster 1 =5, cluster 2 =11, and cluster 3 = 10) than
the query histogram, as can be shown in Fig. 17.

Table 3 presents the time taken and the number of
iterations required for clustering video frames, com-
paring results based on SIFT features alone with those
utilizing whole-frame features for a sample of video
frames.

Fig. 18 shows the the mean time consumed to clus-
ter the all frames of videos when using the proposed
method, which is based on clustering the features
resulting from the SIFT, and clustering based on all
frame color features (1-Baby, 2-Hammering, 3-Car
and 4-Scoter).

For summarization quality, the proposed method-
ology calculates the precision, recall, and F1-score,
as illustrated in Table 4. To compute the precision of
the proposed method, it was utilized in Eq. (12). To
compute the recall of the proposed method, it was
utilized in Eq. (13). Also, to compute the F1-score of
the proposed method, it was utilized in Eq. (14).°*

TP

Precision = ————
TP+ FP

(12)
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I Cluster

Cluster 1 Cluster2  Cluster 3

a) b)

Fig. 11. a) Summarized Frame 30 b) Histogram of baby frame 30 histogram.

N Cluster

Cluster 1 Cluster2 Cluster 3

Fig. 13. Points of interest are elicited via applying the SIFT detector

and descriptor. Fig. 15. Histogram for clustering interest points of hammering key-
frames.

Fig. 16. Summarized key-frames are extracted using different his-

Fig. 14. C-means clustering on hammering frames.
9 g g tograms of the hammering video.



BAGHDAD SCIENCE JOURNAL 2026;23(4):1255-1269

1265

I Cluster
Cluster 1 Cluster2 Cluster3
a) b)
Fig. 17. a) Summarized frame 98 b) Histogram of hammering frame 98.
Time Consuming for Clustrting in Seconds
15

= hased on all

Frame Features

based on SIFT
Features .

Fig. 18. The mean amount of time consumed for the clustering process.

TP
Recall = ——— 13)
TP+ FN
F1 — Score — Precision x Recall 14)

Precision + Recall x

» True Positive (TP): The number of cases that are
correctly categorized as positive.

- False Positive (False Positive - FP): The number of
cases that are incorrectly categorized as positive
(when the actual status is negative).

+ True Negative (True Negative - TN): The number
of cases that were correctly categorized as nega-
tive.

+ False Negative (False Negative - FN): The number
of cases that are incorrectly categorized as nega-
tive (when the actual state is positive).

Table 4. Summarization quality measurements utilized to
measure.

Video Name Precision Recall Fl-score
Baby 94 91 93
Hammering 97 93 96
Car 89 86 88
Scoter 90 87 89

From Table 2 above, we note that the precision
value was 97, recall was 93, and the F1-score was
96 when summarizing the hammering video. The rea-
son behind these high values was that the important
features obtained from the SFT method were very
numerous compared to the rest of the videos. Fig. 19
shows the values of summarization quality measure-
ments, such as precision, recall, and Fl-score, for
summarizing the sampling videos (Baby, Hammering,
Car, and Scoter).

Advantages and limitations of the proposed study

The advantages and limitations of the proposed
study are tied to the constraints of its methodology.
Each stage of the proposed study presents specific
advantages and limitations, which can be illustrated
as follows:

1. SIFT isresilient to rotation and scaling; however,
it has its limitations. Its high computational cost
makes it slower than some other approaches,
which is a significant drawback. Additionally,
it consumes a lot of memory, and in the case
of large datasets, its 128-dimensional descriptor
can result in slow image matching.

2. Despite its strength, fuzzy C-means (FCM)
clustering has limitations. These include the
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Summarization Quality Measurements

100

——Precision

85

—Recall

Fl-score

Fig. 19. The values of precision, recall and F1-score for video summarization rely on the proposed methodolgy.

requirement to predefine the number of clus-
ters, the high computing complexity with large
datasets, the sensitivity to initial conditions,
and vulnerability to noise and outliers. Fur-
thermore, it might not always converge to the
global optimum and may have trouble with
high-dimensional data.

3. Although they are helpful for showing the
distribution of data, histograms have limita-
tions. They may not adequately represent tiny
datasets, have subjective bin size selections,
and be challenging to compare with other
histograms, particularly if their scales differ.
Furthermore, histograms don’t readily demon-
strate correlations between several variables;
instead, they mostly display the distribution of
a single variable.

Conclusion

Summarization of video is the process of distilling
valuable insights from a raw video by using a variety
of criteria and mathematical formulations to reduce
the film to a shorter summary. The goal of this paper
is to summarize the video frames based on histogram
differencing. The proposed methodology for video
summarization consists of three stages. Frames were
elicited from the input video, and then a SIFT detector
and descriptor were utilized in the first stage to elicit
points of interest from each frame. One great merit
of SIFT is that it is able to generate a great number
of features, covering the image across all locations
and scales. To collect the points of interest that were
extracted from the first step, fuzzy C-means cluster-

ing was used in the second stage, and the proposed
methodology relied on three clusters. The major merit
of fuzzy C-means clustering is that it allows gradual
memberships of data points to clusters, weighted as
degrees within [1,0]. This presents the elasticity to
express that points of data can belong to further than
one cluster. In the third stage, the histograms were
made based on the number of points for each cluster,
and then the number of each cluster was stored in
a special file. The cluster number is represented on
the x-axis, and the number of points in each cluster
is represented on the y-axis. A histogram is often
used to effectively illustrate the key features of a data
distribution. It is particularly useful when analyzing
large data sets, which consist of more than 100 ob-
servations. Additionally, it can help in detecting any
gaps in the data or identifying unusual observations,
known as outliers. In order to elicit the summarized
frames, the tested number of interest points were
manually selected for each cluster from the file. The
query histogram was built based on these points, then
the Manhattan scale was used to compare the tested
histogram with all the histograms that were built in
the third step, and all frames that had different his-
tograms were determined to elicit the key frames and
build the summarized video. As offered in Table 3,
the experiment results displayed that the mean time
consumed to cluster the frames based on SIFT features
of the Baby video is 3.860 when using the proposed
method, while the time used in the clustering process
for the same frames is 9.670 when clustering depends
on all pixel values of the frame. We also noticed that
in Table 4 the precision value was 97, recall was
93, and the F1l-score was 96 when summarizing the
hammering video.
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Table 5. A comparison with state of art for future works.

Proposed Stages Type Comparison Description

Points of Interest
Detection and
Description

In computer-vision, both “SIFT” and “SURF” are feature detection and description methods; however, SURF is
intended to be substantially quicker than SIFT. While SURF provides a decent trade-off between speed and
performance, SIFT is renowned for its resilience to a variety of transformations, including scale, rotation,
and lighting changes.

The centroids are found by grouping the lower-dimensional representation using “fuzzy c-means”. The
centroids are converted back into the original format by the “autoencoder’s” decoder so that they may be
understood as the topics.

In order to lessen bias in the detection model, a generative adversarial network provides generated data. In
the fuzzy membership function, improved fuzzy c-means clustering takes into account the association
between neighboring data points.

YOLOvV11 is a cutting-edge object identification model, and a histogram is a visualization tool used in image
processing to depict the distribution of pixel intensities. While YOLOv11 concentrates on recognizing and
detecting objects within images, histograms are essential for comprehending image features. Compared to
earlier YOLO versions, YOLOv11 delivers improvements in speed and accuracy, which makes it appropriate
for real-time applications.

Clustering Method

Extract Summarized
Frames Methods

Future research suggestions Data availability

The suggestions for future works can be illustrated The dataset was available on Kaggle based on the

as follows: following link. Https://www.kaggle.com/datasets/
pevogam/ucfl101.
1. Irecommend using the “Speeded-Up Robust Fea-
tures” (SURF) or “Oudemansiella raphanipies
phenotype extractor” (ORP) or “Convolutional References

Neural Network” (CNN) methods to extract
points of interests from video frames. 1

. . . Kaur L, Mishra P K. Estimation of concise video summaries
2. Autoencoders (AEs) or Generative Adversarial

from long sequence videos using deep learning via LSTM. Int

Networks (GANs) can be utilized to perform the
clustering process.

3. Long Short Term Memory (LSTM) and Recur-
rent Neural Networks (RNNs) can be utilized
to analyze information and events within video
footage.

4. YOLO V11 can be used to identify summarized
frames in real-time environments.

A comparison with a state of art for future work
steps can be illustrated in Table 5.
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