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Abstract – The increasing utilization of multimedia data and digital information in present times presents a vast scope for research 
in content-based retrieval systems. An improved CBVR System is proposed to extract video streams effectively using DWHT Multi-
features and GMM. Our CVBR method performs VSBD for identifying Video shots by computing DWHT on video frames for multi-
feature extraction, and then key frames are identified. A summarized frame is developed using the VS algorithm based on GMM on the 
UCF Dataset. Later, a procedure is applied for the input query video stream, and correlation coefficients are calculated between the 
query and the database multi-feature vectors, giving us similarity measures. Lastly, our experimental results validate the efficiency of 
our proposed CBVR System, achieving an average precision of 0.821 and a loss of 0.179, outperforming existing CBVR systems using 
DCT and optimized perceptual VS, which have precision values of 0.6475 and 0.71, respectively, along with losses of 0.3525 and 0.29.
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1.	 	INTRODUCTION

Advancements and improvements in technology 
have made a large amount of information available 
on the web [1]. Due to this, the demand for automatic 
tools for browsing, retrieving, intelligent surveillance, 
and ranking of information has gained importance [2]. 
Since video is a significant source of information avail-
able on the web, it occupies a large memory size and 
requires machinery for analyzing [3]. Content-based 
retrieval is essential because text-based retrieval is 
limited by human errors and manipulations [4, 5].  The 
first two levels in the CBVR framework are Video Shot 
Boundary Detection (VSBD) and Video Summariza-
tion (VS).  A video shot is an assembly of similar frames 
formed by still or moving camera images [6]. The de-
tection of the transition from one shot to the next 
shot is called shot detection. The shot transitions are 

categorised into CT (Cut Transition) and GT (Gradual 
Transition) [7]. CT is an abrupt change between one 
video shot and the succeeding video shot, whereas GT 
is a slow change that occurs in the video stream, and it 
continues for many video frames that arises due to vid-
eo editing. Several kinds of video editing effects exist, 
such as dissolve, fadeout, fade-in, etc [7]. The method 
of mechanically segmenting a video stream into video 
shots or scenes is termed VSBD [7]. VS is a crucial step in 
the CBVR system, reducing the video's dimensionality 
to a single frame. 

Our proposed CBVR System comprises online and 
offline processes. The offline process is carried out on 
database videos, and the online process is computed 
on the query video. There are four steps in the CBVR 
process. It starts with VSBD to identify shots and key 
frames, then VS is applied to summarize the key frames. 
Next, from the summarized frame, DWHT-based multi-
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features are extracted, and lastly, similarity is measured 
to retrieve similar videos.

The framework of our paper is ordered as follows: 
Section 2 bounces on a literature review of the current 
CBVR techniques. In Section 3, our proposed CBVR sys-
tem is illustrated. In Section 4, experimental results are 
presented. Finally, Section 5 discusses the conclusion 
of our work.

2.	 LITERATURE REVIEW 

Numerous Automatic Video Retrieval systems have 
been proposed in the past few years. From the litera-
ture reviews, different retrieval methods like text-based 
[8], content-based, query image-based [9], and sketch-
based [10] were developed. The Literature survey is 
presented in Table 1, providing a brief overview of fea-
tures, datasets, results, advantages, and limitations.

Table 1. Literature Survey on CBVR System

Author /Year 
of publication 

Search 
Type Features Methods/ 

Techniques
Database and 

Results Advantages Limitations

Palanivelu et al. 
(2024) [11]

Query 
input

Pertinent 
visual 

features using 
ResNet50

CNN

TREC02, TREC10, 
YTAD09, and IDV01

Accuracy of 58.33, 
91.67, 92.08, and 

23.08, respectively

CNN can automatically learn 
complex features from raw 

video data

Poor performance on certain 
types of complex datasets, 
the computational cost is 
high and requires more 

labelled data

Farhan et al. 
(2021) [12]

Query by 
Example Color features

Discrete Cosine 
Transform 

(DCT)

Real World

8 Classes each 
contain videos

Precision of 0.6475

Effective and automatic 
feature extraction from video 

content

Did not consider semantic 
features and evaluated on a 

small database

Sathiyaprasad et 
al. (2020) [13]

Query 
input 

I-GLCM 
(Improved 

Gray Level Co-
Occurrence 

Matrix) 

RPCNN (Region-
based Pre-

Convoluted 
Neural 

Network) 

MNIST (4000 
images), KAGGLE

Precision of 0.9067

Combines I-GLCM and 
R-PCNN, which aims to 

optimize accuracy

Using local identifiers and 
descriptors increases the 

computational cost

Dyana et al. 
(2010) [14]

Query by 
Example

MST-CSS 
(Multi-

Spectro-
Temporal 
Curvature 

Scale Space)

Multiscale and 
multispectral

Filters

480 real-world 
video Shots

50 classes each 
contain 20 videos

Precision of 0.71

Combining shape contour 
and motion trajectory 

through multiscale and 
multispectral processing

Operates only on static 
backgrounds

Shivanand et al.  
(2019) [15]

Query 
Input

Semantics 
contents

ROI and ACF 
Detector

Own 70 video 
Dataset captured 

from a mobile 
phone

No evaluation 
metric considered

Focuses on techniques for 
detecting the Region of 

Interest (ROI)

Self-collected dataset, ROI 
detection is primarily focused 

on the signboards only

Mallick et al. 
(2019) [16]

Query 
Input Motion Vector

Spatial Pyramid 
matching (Haar 
Transformation 

-4 Level)

UCF Dataset

VCD Dataset

Precision of 0.8862

UItilizes motion vector-
based key frame extraction 
as a video summarization 
technique to recapitulate 

video content

Fails in guaranteeing its 
efficiency for conspicuous 

motion

Thomas et al. 
(2019) [17]

Query 
Input

Single 
frame-based 

approach

Human visual 
system, 

optimization

Standard video 
data sets UCF, 

MED, CCV, BBC, 
OVP

Precision of 0.71

Uses a single summarized 
frame for indexing instead 

of multi-frame indexing, 
the method reduces 

computational complexity 
and memory demands for 

video databases

Incapability lies in its 
sensitivity to segmentation, 

background extraction errors, 
and its inability to effectively 

summarize crowded 
foreground activities

Asha et al. 
(2018) [18]

Query 
Input

Color 
Distributions 

Texture & 
Motion

Binary 
Patterns

LBP and SAD

40 videos from 
Google

4 classes each 
contain 10 videos

Precision of 0.80

A multiple-feature approach 
improves performance

High Computational cost 
leading to more execution 

time

Reference [11] highlights the significant advance-
ments in Content-Based Video Retrieval through the 
application of deep learning, particularly using models 
like Inception ResNet. It enables the extraction of intri-
cate, high-level features from video frames, leading to 
more precise and efficient video search and retrieval 
capabilities. Reference [12] used a transform-based 

CBVR system grounded on single DCT color features; 
the study achieved an average result of 0.6475 by im-
plementing DCT on a database comprising 100 videos 
across various categories, with 5 videos in each cat-
egory. These findings underscore the efficacy of using 
DCT in video retrieval processes. while [13] illustrated 
region-based Improved-GLCM on RPCNN using image 
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query, this approach aims to address the computation-
al constraints and accuracy limitations of existing CBVR 
systems. Reference [14] discusses a unified approach 
using MST-CSS attributes generated by multi-spectral 
filters to efficiently represent video objects. This ap-
proach integrates spatial and temporal information 
within a unified framework. Reference [15] explains the 
semantic features and ROI, which require additional 
user inputs. Reference [16] is based on motion vector 
features and spatial pyramid matching; it narrows the 
search space. This approach is motivated by its ability 
to overcome limitations of Bag-of-Features methods by 
considering feature spatial layout. It involves partition-
ing an image or key frame into finer sub-regions and 
computing local features for each sub-region. [17] ex-
plains video summarization using human perception 
and optimization for redundancy removal. It highlights 
the growing need for efficient video summarization 
due to increased video consumption. It identifies short-
comings in existing methods, particularly their inability 

to accurately represent video events and adapt to dif-
ferent scene types. The proposed solution focuses on 
a context-driven, perceptually optimized framework 
that creates a single summarized frame, promising en-
hanced retrieval performance and reduced resource 
demands. [18] signifies the use of multiple features for 
improving retrieval, it highlights that an effective CBVR 
system requires considering both spatial and temporal 
features to achieve accurate results, distinguishing it 
from Content-Based Image Retrieval (CBIR).   

3.	 IMPLEMENTATION OF PROPOSED CBVR 
SYSTEM

In this section, we enlighten on our CBVR system. 
VSBD is the first step in the CBVR system where DWHT 
is applied. The second step is Video Summarization (VS) 
using a Gaussian Mixture Model (GMM), and the third 
step is video retrieval using the extracted Multi-Fea-
tures. The block diagram of the proposed CBVR System 
is shown in Fig.1.

Fig. 1. Proposed CBVR System Block Diagram

3.1. WALSH-HADAMARD TRANSFORM

Discrete Walsh Hadamard Transform (DWHT) [19] is 
immensely used in numerous applications of image 
and video processing because of its robustness, energy 
compaction, fast computation, less memory storage 
space, and flexibility. DWHT is defined below:

Let fi (x, y) be the ith frame of size MxN. The forward dis-
crete Walsh-Hadamard Xi (u, v) can be expressed as in (1)

(1)

The forward kernel of DWHT is defined as in (2)

(2)

Where N=2m is the size of the transform matrix. The 
summation in exponent is performed in modulo 2 
arithmetic, and bi(y) is the ith bit in the binary repre-
sentation of y.

The DWHT matrix of order 8 (N=8) is shown in (3)

(3)

The blending functions of DWHT are characterized in 
mask vectors as W = {w1, w2,..., w64} aligned from top to 
bottom and left to right of the DWHT masks for N=8, 
given in Fig. 2. These masks of the DWHT help in ex-
tracting multi-feature vectors. 

3.2.	 VSBD TECHNIQUE

The VSBD process is accomplished in four steps: com-
puting DWHT kernels, multi-feature extraction, com-
posing a continuous vector, and identifying the video 
shot boundary. Various VSBD techniques used previ-
ously are presented here. Reference [20] projected a 
technique for extracting key frames of multi-features, 
the algorithm leverages deep prior information and 
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multi-feature fusion to enhance saliency extraction. [7] 
Proposed content-based VSBD using the Haar transform 
to accurately detect abrupt and gradual video transi-
tions. [21] combines candidate segment selection with 
SVD for dimensionality reduction and employs distinct 
pattern matching techniques. [22] discusses WHT and 
a procedure-based identification process to distinguish 
all shot transitions, and [23] discusses cut detection us-
ing a histogram where a single feature is considered 
and the GT is neglected. We observe that transform-
based techniques are more accurate, and multi-feature 
extraction with a procedure-based approach will help 
in detecting CT and GT. Video is read into the system, 
and multi-features are extracted by protrusive DWHT 
kernels on each video frame. The dissimilarity and simi-
larity among succeeding video frames are measured 
by calculating the correlation between consecutive 
feature vectors. The procedure-based VSBD algorithm 
is useful to identify shot transitions. The block diagram 
of the VSBD Technique is shown in Fig. 3. 

Fig. 2. DWHT (Discrete Walsh-Hadamard Transform) 
Kernels

Fig. 3. Block diagram of the VSBD Technique

3.3. Multi-Feature Vector Extraction

In the video shot boundary detection, the multi-
feature vector extraction phase is very significant. We 
extract features like motion, color, shape, and texture 
vectors by applying DWHT blending functions on vid-
eo streams. 

The blending functions or kernels used for color, 
shape, and texture feature extraction are shown in equa-
tion (4). We use kernel w2 to w64 for high-frequency and 
w1 for low-frequency demonstrations. The kernels w1, 
w33, and w37 are shown below in equation (4):

(4)

The shape feature vectors are computed by project-
ing the w33 and w37 masks. The texture feature vectors 
are computed by projecting w1, w33, and w37 masks.

The motion feature vectors are calculated by follow-
ing the steps

1.	 Project W4=DWHT kernel for N=8 as in (3) on suc-
ceeding frames. 

2.	 Calculate Motion Vector (MV) using the SAD (Sum 
of Absolute Difference) method. 

3.	 Extract motion features by subtracting MV from 
the projected W4 successive frames. 

4.	 Calculate the correlation between succeeding mo-
tion strength frames. 

3.4. Feature Extraction Procedure

Let Xm = {xm1, xm2, xm3, xm4}, Xm as in (5), signify the antic-
ipated values of blocks by designing the inner product 
of K (Km) where m = [1,2, … .No. of blocks] and Wj, j=1, 
2, 3, 4, respectively.

Xm are computed using below equation:

(5)

Where 〈Km, W1 〉=∑p
i=1 Kmi * Wji.

Here, Wji is the ith value of Wj blending vector, Kmi is 
the ith value of Km, and p is the number of pixels in each 
block Km.

i.	 The Color Feature Vector (Cm) of the consequent 
block is obtained as in (6):

(6)

ii.	 The Shape Feature Vector (Em) of the consequent 
block is obtained as in (7):
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(7)

iii.	 The Texture Feature Vector (Tm) of the conse-
quent block is obtained as in (8) and (9):

(8)

(9)

iv.	 The Motion Feature Vector (Mm) of the conse-
quent block is obtained as in (10):

(10)

3.5.	 Construction of Continuous 
	 Vector

Subsequently, after identifying multi-features, the 
next phase in the VSBD involves computing a continu-
ous vector to determine the similarity between succes-
sive frames, as outlined in the equations below, where 
P represents the Correlation coefficient. The estimated 
correlation coefficients between the succeeding frames 
are calculated among the blocks of the fi and fi+1 frames 
[21]. Hence, for all feature vectors of color (C), Texture (T), 
Shape (S), and Motion (M), the equivalent continuous 
vector equations are given as in (6-10) [23].

After constructing individual features, a continuous 
vector as in (11-14), we calculate the mean of all indi-
vidual vectors as in (15). Continuous vector is in the 
range of [0,1]. On these combined coefficients (µ), a 
procedure-based VSBD algorithm is applied for recog-
nizing shot transitions.

(11)

(12)

(13)

(14)

(15)

3.6. Procedure for the VSBD Algorithm

Our proposed procedure for the VSBD algorithm is 
grounded on the following guidelines to identify the 
CT and GT. If the sequential frames are identical, then 

the continuous vector will be high and when frames 
differ, the values will be low. A Threshold value (Th) is 
computed to identify the shots, and Th is calculated by 
taking the mean of the continuous signal as in (16).

(16)

According to the continuous correlation coefficient 
values, it is easy to recognize the presence of CT. The 
continuous correlation values for GT in the video se-
quence between the successive frames will be lower. 
An example of a VSBD plot is shown in Fig. 4. 

Procedure for finding Valley points:

1.	 Compute all continuous signal µ(f) as in (15) where 
f=1,2…..n, n=No. of frames.

Calculate the Threshold value (Th) by using equation 
(16).

Find the valley points V(k) that are less than the 
threshold Th.

2.	 Location of the valley is stored as Lop(m) = k, where 
the valley occurred at the kth frame, m = m+1, till 
finding all valley points, and the procedure ends.

Procedure-based Shot Detection

Step 1: Read µ(f), V(k), nv: number of valleys, Lop: lo-
cation of valley point.

Step 2: Set the Threshold (Th).

Step 3: If the values before and after the valley point 
are greater than Th, then identify the shot transition 
as CT. 

Step 4: Else identify the shot as GT.

Step 5: If the valley point values are in a gradual tran-
sition and are less than 0.6, then identify as a fade 
transition.

Step 6: Compare the valley point values with the pre-
vious values and decrement c2 until the condition is 
false, where c2 represents the starting point of the 
fade transition.

Step 7: Compare the valley point values with the up-
coming values, incrementing c1 until the condition 
is false. Here, c1 represents the end point of the fade 
transition.

Step 8: If the valley point values in GT exceed 0.6, 
then identify it as a dissolve transition.

Step 9: Compare the valley point values with the pre-
vious values and decrement c2 until the condition is 
false, where c2 represents the starting point of the 
dissolve transition.

Step 10: Compare the valley point values with the 
upcoming values, incrementing c1 until the condi-
tion is false. This represents the end point of the dis-
solve transition.

Step 11: Repeat from step 3. 
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Fig. 4. VSBD plot

3.7.	 VS using GMM

VS using the GMM method for detecting foreground 
[24, 25] is illustrated here. GMM is built for foreground 
Modelling. It is an extensively common procedure for 
moving object detection. It executes a soft clustering 
method to categorize each pixel as foreground or back-
ground by assigning a score to each pixel indicating 
the strength of the pixel [26, 27].

GMM is computed on each pixel using equations (17) 
and (18) below.

(17)

where Xt ∶ pixel in tth frame
K: the number of components
wi, t ∶ weight of the Kth component in tth frame
μi, t ∶ the mean of Kth component in tth frame 
σi, t ∶ the standard deviation of Kth component in tth 
frame
where Ω(Xt, μi, t, σi, t probability density function 

(18)

The Procedure for VS using the GMM Algorithm is 
given below, and the flowchart is shown in Fig.5.

1.	 Read frames from video.

2.	 Extract shots using VSBD using Multi-Feature 
DWHT.

3.	 Extract key frames from shots, apply foreground 
detection using the GMM method, and create a 
mask.

4.	 Apply 2D Gaussian and morphological filtering 
for smoothing and noise removal (the outputs of 
different stages are shown in Fig.6).

5.	 Select the frame and stitch objects on it to get 
the summarized frame shown in Fig.7. 

Fig. 5. Flowchart for VS Technique using GMM

Fig. 6. VS using GMM Algorithm Outputs

Fig. 7. Summarized Frame output

3.8.	 Multi-Feature Extraction

The proposed VSBD method splits the video stream 
into scenes or shots, and we select the key frames from 
each shot, considering the middle frame of a shot as a 
key frame. Apply the VS Algorithm to get a summarized 
frame. The multi-features of the summarized frame are 
extracted using equations (5-10), and a feature vector 
for that video stream is formed. This procedure of ex-
tracting a feature vector for all videos in the UCF da-
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tabase [28] is done in offline mode. In online mode, 
this procedure is applied to the query video. Next, we 
perform a similarity measure by calculating correlation 
coefficients. The top 10 videos with high correlation co-
efficients are retrieved and displayed.

4.	 EXPERIMENT RESULTS

The performance of the CBVR System is tested on the 
UCF database [28], consisting of human action videos. 
We considered 20 classes, each with 10 videos, totalling 
200 videos. Table 2 shows the properties of the database. 
A few examples of retrieved videos for the given query 
are shown in Table 3. The performance is evaluated us-
ing Precision (Pr), Loss, Compression Ratio (CR) [29], and 
online Execution Time (ET). The precision, loss, and CR are 
intended to be used with the equations (19-21). The su-
perior precision values enhance the performance of the 
CBVR system. The average precision and loss for the UCF 
dataset are shown in Fig. 8. Table 4 discusses the compari-
son of our proposed CBVR system with other systems.

(19)

(20)

(21)

Table 2. UCF Video Database Properties and 
Description

Description Quantity

No. of Videos in Database 200

Average Duration 8.7513 seconds

Frame Rate 30 fps

Resolution 240x320

Average No. of Frames 153

Video Format avi 

Bits per pixel 24

Total Implementation time to 
extract features 1154.79832 seconds

Table. 3. Examples of Retrieved Video streams for the given query

Class Query Retrieved videos Pr Loss CR ET 
(Sec)

Cricket 
Shot   

0.9 0.1 0.89 29.83

Field 
Hockey 
Penalty  

0.8 0.2 0.95 29.24

Hammer 
Throw   

0.9 0.1 0.92 21.18

Baseball 
Pitch   

0.7 0.3 0.95 20.55

Apply Eye 
Makeup   

0.7 0.3 0.92 20.27

Blow Dry 
Hair

 

0.6 0.4 0.94 23.97

Balance 
Beam

 
0.7 0.3 0.88 21.09

Fig. 8. Plot of Average Precision and Loss of different Video Classes



34 International Journal of Electrical and Computer Engineering Systems

Table 4. Comparison of the other CBVR Systems to 
our Proposed work

Methods Average Precision Loss

CBVR using DCT [12] 0.6475 0.3525

CBVR using optimized 
perceptual video 

Summarization [17]
0.71 0.29

Proposed CBVR System 0.821 0.179

5.	 CONCLUSION

This paper proposes a novel method for CBVR, utilizing 
Multi-Feature DWHT and VS with the GMM Algorithm. 
From a video sequence, we first calculate the DWHT Multi-
feature vector, and the correlation between successive 
frames is plotted. A procedure-based VSBD algorithm is 
used to divide the video into shots. Secondly, key frames 
are extracted, and the foreground is detected from them. 
A summarized frame is then stitched using GMM. From 
the summarized frame, multi-features are extracted and 
correlation coefficients between query and dataset vid-
eos are computed to retrieve similar videos. Experiments 
are performed on the UCF dataset, and the proposed 
CBVR system is evaluated. The proposed CBVR system has 
an average precision of 0.821 and a loss of 0.179, show-
ing the performance of our work. In the future, we can 
improve the performance by making the system robust 
to camera motions and illumination variations.
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