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Abstract
Content-based retrieval (CBR) is an essential process to retrieve 
images from databases based on metadata from the image. 
Metadata in an image refers to image colors, textures, and shapes, 
or any other important information that can be derived from the 
image itself. The goal of CBR is to search for the relevant image 
and retrieve it from databases. Many CBR models achieved reliable 
results in analyzing the image. However, the computation cost of 
image retrieval is a challenging task due to the growth of image 
traits. This paper presents an Optimized Hybrid Ensemble Model 
(OHEM)  R-2,C-1. The proposed model aims to improve the process 
of similarity matching for the efficient analysis of the query image 
while minimizing computation time. The purpose of OHEM is twofold. 
First, OHEM analyzes the features within the query image and 
performs similarity matching within the database, achieving this with 
reduced computational complexity. Subsequently, in accordance 
with the established objective function, it identifies and evaluates 
the pertinent features. Two distinct datasets, ROxford and RParis, 
are utilized to assess the model’s performance. Several assessment 
criteria, including F1-score, recall, precision, and computation 
time, have been used to assess the model. The computation and 
evaluated outcomes are compared to six distinct algorithms, such as 
CSM, equilibrium propagation (EP), DCM, GA-based IR, and IRT. The 
comparison findings suggested that the proposed method performs 
better than the other models. R-2,C-1.
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I. Introduction

Recent technological advancements have led to a 
rise in the use of digital cameras, smartphones, and 
the Internet. The amount of shared and stored mul-
timedia data is increasing, which makes it a difficult 
research problem to search for or retrieve pertinent 
images from an archive. Any image retrieval mod-
el’s primary requirement is to find and sort images 

that have a visual semantic relevance to the user’s 
query. Most Internet search engines rely on text-
based methods to obtain images, which necessitate 
the inclusion of captions. Digital images are used in 
various industries, including health care, design, edu-
cation, and spatial imaging. Images can be stored 
and retrieved using a wide range of strategies and 
approaches. Still, most of these search engines rely 
on metadata (keywords, descriptions, and tags) [1]. 
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To process digital image data, the visual characteris-
tics of the image must be extracted and represented 
in an organized manner. Content-based retrieval 
(CBR) is one of the widely used models for retriev-
ing information from digital images. CBR expands on 
conventional information retrieval methods for digital 
image search by including information that can only 
be found by directly examining the image’s pixel val-
ues [2–3].

Content-based image retrieval (CBR) method is 
used to extract image features automatically by deriv-
ing the attributes, including color, texture, and shape. 
Extracting the features from the image is a tedious 
task and a multi-step process that includes various 
phases such as feature extraction, pattern matching, 
extracting queries, and matching queries. The general 
CBR system’s process is visualized in Figure 1. The 
CBR process can be thought of as a simple collec-
tion of modules that work together to obtain images 
and process the comparison in the databases, 
R-2,C-4. Multi-dimensional feature vectors are used 
in standard content-based image retrieval systems to 
extract and describe the visual content of the images 
stored in the database [4]. A feature database is cre-
ated from the feature vectors of the images stored in 
the database. The number of accumulated images is 
growing rapidly due to the advent of technology, web 
users, and the availability of recent mobile technolo-
gies such as digital cameras and image scanners [5]. 
Users in a variety of fields, such as publishing, archi-
tecture, crime prevention, fashion, remote sensing, 

and health, need reliable software or applications to 
handle digital images that are generated from the 
Internet and smartphones. Numerous general-pur-
pose image retrieval systems have been designed 
with this goal in mind. Some of the CBR systems 
have achieved considerable results in retrieving the 
image from the database, and the learning model 
uses a similarity matching model to match features 
from query images [6]. Various models have contrib-
uted effectively to achieving reliable results in retriev-
ing the image features. This research study validates 
various facets of the images, such as image shape, 
image colors, texture of the images, and image 
contents, to comprehend the statistical reasons [7]. 
However, there is a considerable research gap that 
currently exists to retrieve features between low-level 
and high-level characteristics, pertinent pattern anal-
ysis, problems with data modification, and retrieving 
images in the least computation time.

Many of the CBR models are developed based 
on a similarity-matching approach to retrieve images 
from the database. To create content-based image 
retrieval systems, contemporary research incorpo-
rates various content-based image retrieval algo-
rithms. To improve the accuracy of the image retrieval 
process, a novel multiple-feature extraction from the 
query image is proposed [5]. A content-based image 
retrieval system was constructed using the color 
auto-correlogram feature, Gabor wavelet feature, and 
wavelet transform feature together. The improved 
precision is evident from the results, which show that 

Figure 1: General workflow of CBIR.
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multiple feature extraction creates a path to retrieve 
optimal images from the database effectively. Due 
to computational overhead, systems utilizing vari-
ous feature extraction techniques may see a drop in 
retrieval speed as accuracy increases. Enhancing the 
system’s performance is crucial because it boosts the 
system’s accuracy. Computation time and semantic 
gap are two categories of CBR problems. The seman-
tic gap refers to the difference that exists between 
low-level image pixels and high-level semantics that 
are understood by humans [8–10]. The other problem 
is computation time, or the amount of time needed to 
analyze, index, and search through images [11]. The 
color feature is extracted based on color string cod-
ing. Then, we compare one string with another string, 
and finally, their matching weights are returned. As 
the process is automated using RPA technology, this 
improves the perfection of images, which has signifi-
cantly increased the accuracy while retrieving images 
that are appropriate to the given input image [29]. 
The recent advancements in deep learning-based 
image retrieval, starting with an introduction to the 
CBIR problem, key datasets, and content-based 
deep image retrieval methods, with a focus on net-
work models, deep feature extraction, and retrieval 
types [39]. Finding appropriate methods for picture 
categorization, prediction, and retrieval systems is a 
challenging task for researchers. The research aims 
to develop a dynamic CBR model for retrieving opti-
mal images from databases based on query image 
features with low computational time. Objectives of 
the research study can be achieved as follows:

1. � To investigate appropriate methodologies for 
query image techniques and ascertain those 
exhibiting minimal computational duration.

2. � To examine pertinent predictive and retrieval 
methodologies to recognize those characterized 
by superior performance metrics.

3. � To amalgamate the recognized classification, 
predictive, and retrieval methodologies to estab-
lish a highly efficient case-based reasoning (CBR) 
system.R-2,C-8

a. Related work

In a vast database, it may be difficult to locate a spe-
cific image object due to the wide variety of image 
formats available on the Internet. A technique used in 
many domains is the retrieval of comparable images 
based on differences in the content of query images. 
Digitally knowledgeable libraries, criminal preven-
tion, fingerprint identification, biodiversity information 

systems, health care, historical site research, and 
more are some of these domains.

CBR is a unique method of image retrieval that 
deviates from keyword-based techniques by empha-
sizing the examination of visual characteristics pres-
ent in images rather than depending only on prede-
fined keywords. A method called CBR makes use of 
visual cues, including color, form, and texture, to help 
with the difficult task of identifying visual objects [12].

CBR is one of the many applications that fall under 
the broad category of computer vision. The retrieving 
images from a database with many images is known 
as CBR [17]. This paper aims to investigate the real-
world implementation of a two-phase method for 
content-based image retrieval. In the first stage, con-
volutional neural networks (CNNs) are used for image 
detection. CBR is one of the many applications that 
fall under the broad category of computer vision. The 
method of retrieving images from a database with 
a large number of images is known as CBR. This 
paper aims to investigate the real-world implementa-
tion of a two-phase method for content-based image 
retrieval. In the first stage, CNNs are used for image 
detection [14,30]. Three different levels of clouds are 
distinguished by the cloud classification system: high, 
intermediate, and low. K-means clustering methods 
and content-CBR are used in the cloud categoriza-
tion process. Clouds are divided into three different 
categories by the developed method: low, medium, 
and high. The kind of cloud has a significant impact 
on how much precipitation falls. There is a lack of 
established research and inconsistency about the 
impact of high resolutions on search precision and 
result arrangement. This [15] study’s main goal is 
to investigate how picture resolution affects search 
accuracy and result sorting. Resizing images is highly 
advised before uploading them to the image data-
base, particularly if the images are affected in any 
way by resizing.

To improve image retrieval and identification 
through content-based image recognition, Das et al. 
presented a technique for feature extraction through 
image binarization. A total of 3,688 images from two 
public datasets were used by the authors to test 
their technique. This procedure, irrespective of the 
image dimensions, decreased the size of features to 
12. For the aim of evaluation, statistical measures 
based on recall and precision findings were used. 
Misclassification of query images is one drawback of 
this methodology, which could impact retrieval perfor-
mance compared to other available techniques [16].

Jianbo Ouyang et al. [31] proposed a re-ranking 
method that refines top-K retrieval results by 
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encoding each image into an affinity feature vector 
based on comparisons with anchor images. These 
features are refined using a transformer encoder to 
incorporate contextual information and then used 
to recalculate similarity scores for re-ranking. Our 
approach, enhanced with a novel data augmentation 
scheme, is robust and compatible with results from 
various retrieval algorithms. Ashraf et al. [13] pro-
posed a unique feature extraction model for CBR, 
which reliably retrieves object information contained 
in an image by the bandelet transform technique for 
image representation and feature extraction. Three 
public datasets, such as Coil, Corel, and Caltech 101, 
were utilized to evaluate the system’s performance 
and accomplishments in image retrieval using artifi-
cial neural networks. The retrieval efficiency was eval-
uated using precision and recall values.

This CSM algorithm applies this concept to a con-
trastive function that is created by gently pushing the 
multilayer similarity-matching goal function’s output 
neurons. Consequently, between their earlier and 
later levels, the hidden layers pick up intermediate 
representations.

This model was inspired by deep learning tech-
niques, such as single feedforward networks and 
networks with feedback connections. The objec-
tive function in CSM is determined with the help of 
a hyperparameter of anti-Hebbian and Hebbian plas-
ticity to manage neuron weight to retrieve features 
from the query images [18].

In equilibrium propagation (EP), weight updates 
in selecting the features are defined with a gradient 
proportion value of the error signal, which aids in 
comparing the parameter tuning of a local approx-
imation phase. The approximation phase of prop-
agation is primarily characterized by the nudged 
equilibrium phase (NP) and clamped phase. One 
way to conceptualize the learning process is mini-
mization in the approximation phase by the contras-
tive objective function. Another phase of EP is the 
reconfiguring phase, which updates the landscape 
matrix score to an energy score, which helps in 
removing false rigid features to increase the stability 
of the fixed points of weights. However, the model 
performed well in selecting features but failed in 
matching the image content due to the presence of 
large local features [19].

DCM’s extremely easy method of obtaining a 
representation appropriate for geometric verifica-
tion from CNN activations for re-ranking. To align 
the activation tensors and compare, it should ideally 
estimate the geometric transformation. However, as 
mentioned earlier, this is not feasible. DCM uses two 

characteristics of the activations—that high values are 
more significant and that the activations are sparse—
to simulate this process. Therefore, a limited number 
of extremal regions can accurately mimic each chan-
nel [20,37].

Girgis et al. [21] suggested a GA-based IR tech-
nique that modifies a query’s keyword weights to pro-
duce an optimal or nearly optimal query vector. Every 
query described in this method is represented by a 
chromosome. The method generates a new popu-
lation by performing the genetic operator processes 
of selection, crossover, and mutation on the present 
population. Each member of the new population is 
then subjected to a local search approach to obtain 
optimal solutions. Until an optimal query chromo-
some for document retrieval is achieved, this process 
is repeated. Fitness functions, which evaluate the 
quality of a potential answer, and direct the evolution 
of those possibilities.

A technique for image retrieval utilizing statistical 
tests, such as Welch’s t-tests and F-ratio, was pro-
posed by Seetharaman and Selvaraj [15]. We exam-
ined both input query images, which were either tex-
tured or structured. In the experiment, the textured 
image considers the full image, but the structured 
image divides the shape into several parts accord-
ing to its characteristics [23]. Applying the F-ratio test 
is the first stage of the exam, and images that pass 
this stage proceed to the energy spectrum testing. 
The determination that the images are comparable 
was made if they passed both tests. If not, they are 
distinct. The performance was validated and veri-
fied using the mean average precision score [22]. A 
component of the case-based reasoning scenario is 
similarity-based image retrieval, which has grown in 
importance within CBR. Similar images from a data-
base are retrieved using similarity-based retrieval, 
often in order of similarity. The two main problems with 
CBR systems are the semantic gap, or the difference 
between semantic-based and content-based image 
retrieval. Similarity matching can be crucial to the task 
of identifying the important features from the query 
image. The primary problem has been the semantic 
gap that exists between low-level image pixels and 
high-level semantics that people understand [24]. An 
efficient CBIR system using pre-trained CNN models, 
VGG16 and ResNet-50, to extract deep features and 
improve retrieval performance. It uses transfer learn-
ing from ImageNet, enhancing both accuracy and 
efficiency, with results evaluated based on precision 
[38]. Existing deep learning methods often struggle 
with large scene data due to insufficient considera-
tion of spatial dependencies, both inter-image and 
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intra-image. Spatial-driven network (SDN) captures 
discriminative features by addressing these depend-
encies [36]. The other problem is computation time, 
or the amount of time needed to analyze, index, and 
search through images. The HFFR-SR net integrates 
hierarchical feature representations. It uses a novel 
transformer block to expand the receptive field and 
a lightweight CBAM attention module to enhance 
high-frequency details, resulting in excellent results 
in both quantitative and subjective evaluations [40]. 
AutoLoss-GMS is a method for automatically dis-
covering an optimal loss function within the space 
of generalized margin-based softmax loss functions 
for person re-identification. It uses a forward method 
to generate richer loss function forms compared to 
existing backward methods and introduces cross-
graph mutation to enhance diversity, along with a 
loss-rejection protocol, equivalence-check strategy, 
and a predictor-based promising-loss chooser to 
boost search efficiency [34]. Wu et al. [33] proposed 
a flexible contextual similarity distillation framework 
that trains the small query model with a novel sim-
ilarity consistency constraint, ensuring compatibility 
with the large model’s output without requiring labels. 
This approach preserves both first-order feature rep-
resentations and second-order ranking relationships, 
achieving state-of-the-art results on the Revisited 
Oxford and Paris datasets.

b. Similarity matching
Similarity between two or more images is defined 
using similarity metrics. The degree to which the 
content of the retrieved images resembles the user 
query determines their ranking. The image features 
are converted into vectors and represented by Raj 
and Mohanasundaram [25], using the vector space 
model, and the weights of the terms in the vector were 
calculated using the TFIDF measure. To determine 
how similar the image features are, the authors used 
cosine and Jaccard similarity measures. Various sim-
ilarity measures were tested by Sutojo et al. [26] for 
text categorization and grouping. For image classifi-
cation, they tested three similarity metrics, including 
cosine, Euclidean distance, and similarity measures. 
When compared to other similarity measures, they 
found that the performance of the similarity measure 
was comparable to that of the conventional model. 
Similarity matching in content-based image retrieval 
(CBR) refers to the process of finding images in a 
database that are like a query image based on their 
content features. CBR systems analyze the visual 
content of images to perform retrieval tasks, rather 

than relying on metadata or annotations. Similarity 
mapping in CBR typically involves calculating the sim-
ilarity between feature vectors representing images, 
which is expressed in Eq. (1) R2,C-7.
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number of data points generated, corresponding 
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are the Bernoulli trial derivatives for the correspond-
ing inputs. Training data NX  generate the similarity 
values of each feature with a non-trivial solution to the 
output .NY

c. Proposed method

Similarity matching is an important step in query 
processing because the feature generator vector 
consumes much time in processing feature compar-
isons, which degrades the computation time of the 
query processing. The query of the image and the 
database’s collection of images are compared once 
the features are extracted from the image. In the sug-
gested paper, the Euclidean distance is used to deter-
mine how similar the two images are to one another. 
Eq. (2) defines the Euclidean distance formula. R-2,C-7. 
This research study develops the optimized hybrid 
ensemble model (OHEM) by considering the limita-
tions of standard deep learning of heavy architecture 
described in Algorithm 1. It combines heterogeneous 
retrieval techniques with the ensemble architecture 
of many deep learning models, resulting in increased 
efficiency. OHEM reduces the computation time in 
image retrieving by using the objective function F(Φ), 
which can be redefined in Eq. (3). R-2,C-7.

2
1 2

1

( )
n

i

ED x x
=

= −∑ � (2)

( ) ( )
[ ] [ ]

2
2

. 2 1
1

 (  )1
min   

 

n n n nn
N N n N n N n N n

l lN
n n n n n

X X Y Y Y Y Z Z
F

N R X Y R Y Z
′ ′ ′ ′

′
=

′=′ ′ ′

 − − = +
 − −


Φ


∑ ∑ 	(3)

		

		
{ }2

0 1
max , l x

x
R xe β−

≤ ≤
=

where,  ,N
NX F∈  NF  is the corresponding output 

N = 1, 2, 3, …, n, be the total number of data points. 
The proposed function represents the learning dif-
ference of lR  to the product of input nX ′  and 
desired output .nY ′ The objective of the cost function 
is to achieve non-trivial solution, which leads to the 
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interaction of different data points in images. lR  of 
the square value of the output feature, which repre-
sents the similarity score of the input vector and the 
output vector scores. The quantization function’s cen-
troids are data points that describe the space’s struc-
ture. The image set is kept in a frozen state while the 
query set is trained. Every training sample is mapped 
into two distinct embeddings by the query and image 
set. The structural similarities are then ascertained by 
calculating the similarities between the two embed-
dings and contrasting them with the centroids. In 
conclusion, by limiting the degree of consistency 
between two structural similarities, this strategy seeks 
to improve the query set. The proposed model reveals 
a thorough definition of the embedding space and 
chooses the appropriate data points in the retrieved 
model. These data points are embedded space ref-
erences that translate gallery and query features into 
comparable architectural forms. To create a collection 
of data points, OHEM uses a similar methodology. 
According to Eq. (4), a vast number of data points px 
(x = 1, 2, 3, …, n) and py (y = 1, 2, 3, …, n) are needed 
for this method to accurately characterize the space 
structure X1|, X2|, X3|, …, Xn| R-2,C-7. Due to their simi-
lar nature, the query set and the image set data points 
show a high degree of alignment in their embedding 
spaces after training. Input query image convert into 
matrix, and the value of the image features is calcu-
lated based on the segmentation score as defined:
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Let ( ,n
NX  ,n

NY  ,n
NZ ) ∈  ( ( , ),x yP P  i.e., the 

correspondin feature vector 1
nY … n

nY  is propor-
tional to the feature component 2 1xe +  as defined 
in Eq. (6) 2, 7.R C− −  The first stage involves using 
the features collected by the image set to train a 
feature space compressor (FSC). The eigenvalue 
decomposition of lR  yields the optimal F(Φ) < {0 > 
( , ),x yP P  < 1} when the top m modes are retained 
and the other modes are set to zero. Attaining a 
representational similarity matrix that is the aver-
age of the input and output layers, optimal , xP pre-
cisely equals )yP  if m rank count + 1. The feature 
component , x yP P  is noted as a contrastive minimi-
zation problem with optimal weights. To efficiently 
retrieve images from the database, this study pro-
posed OHEM to integrate the concepts of contras-
tive learning and supervised similarity matching to 
create a biologically plausible supervised learning 
system. R-1 C-2. The training samples are needed 
for the adaptive clustering within the computa-
tional complexity with multiple centroids. The high 
clustering cost and the huge set of centroids are 
included. Here, the quantization function is used to 
increase the number of data points efficiently and 
economically. Here, the training data is indicated 
by ( ,n

NX  ,n
NY  ,n

NZ ) to facilitate the creation of 
data points. The objective function F(Φ) is used to 
determine the OHEM simultaneously. Compared to 
the minimax objective, NZ  from Eq. (1) is the proof 
of the problem statement that any identity com-
ponent in the feature vector of the query image is 
always proportional to the objective function F(Φ).. 
R-1 C-2.

d.  Proposed Algorithm-1
Input: Query images-N, sample inputs ( ,n
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Evolved from Eqs (4) and (5) contain pixel values 
px and py with parameter values. Let us assume, 
suppose input image nX ′  contain pixels px and py 
with respect to the directions vertical vi and hori-
zontal hi. Assume Px = {1, 2, 3, …, Pn} is a horizon-
tal domain space whereas vertical space domain is 
Py = {1, 2, 3, …, Pn} are the product function F(Φ) in 
given  R 2 C 7. β − −, Parameter β is an optimization 
minimax function used to fix bias in the image query 
match. Considering all defined parameters, this 
research formulates the proposed function, which is 
defined as:
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for each query image are train in n
NX , β do
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      return {( , )x yP P /count}

      else return F(Φ) < {0 > ( , )x yP P <1}

    end for

  end for

  return
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end for

II. Result

a.  Dataset description

The studies were conducted using the widely rec-
ognized ROxford and RParis datasets in the field of 
image retrieval, and data can be freely accessible 
at https://paperswithcode.com/dataset/roxford [12] 
R-2 C-6. The Oxford Buildings Dataset comprises 
5062 images collected from Flickr through a specific 
Oxford landmark search. Toto provides a thorough 
ground truth for 11 distinct landmarks, each repre-
sented by 5 potential queries, and the collection has 
been painstakingly annotated. This provides a set of 
55 queries that can be used to assess image retrieval 
using content to ease the process. We categorize 
5,062 into 10 categories. The RParis dataset con-
sists of 501,356 geotagged images gathered from 
Panoramio and Flickr. The dataset was not gathered 
using keyword queries, but rather from a geographic 
bounding box that encompassed the whole dataset. 

The graphic on the right illustrates how the images 
have a “natural” distribution as a result. Due to the 
high percentage of unrelated images, including pic-
tures of parties, pets, and other events, as well as 
the existence of near-duplicates and duplicates, the 
dataset is extremely difficult to work with. The details 
of the images are shown in Figure 2. The collection 
comprises 70 query images, divided into three cat-
egories: easy, medium, and hard. A mix of easy and 
difficult questions is included in the medium split, 
while the hard split is intended to tackle only the most 
difficult issues.

The precision, recall, and F-measure values 
are used to assess the suggested methodology. 
Precision is the metric used to quantify retrieval accu-
racy [11, 27]. Precision measures the ratio of all the 
images obtained to the number of relevant images 
retrieved, expressed as:

	

Total number of relevant image retrieved
Precison  

Total number of image retrieved
Pr→ =

Recall serves as a measurement of the system’s 
robustness in retrieval. The term recall refers to the 
proportion of relevant images that were successfully 
retrieved from all the relevant images stored in the 
database. Recall can be expressed as:

	
Total number of relevant image retrieved

Recall  
Total number relevant image in Data base

Re→ =

The calculation of the F-measure indicates the 
unified performance measure. The F-measure is used 
to indicate how much recall is less important than 
precision and is expressed as:

	
( )
( )
1

measure  
Pr Re

F F
Pr Re

α
α
+ × ×

→ =
× +

where α = 0.25 indicates that precision is more 
important than recall. Table 1 presents a tabula-
tion of the resulting precision and recall values. Figure 2  
displays the graph of the precision, recall, and 
F-measure values for these methods when used sep-
arately and in combination. The precision over the 
ROxford dataset achieved was% higher than CSM 
[18], EP [9], and nearly 7% higher than DCM [20] than 
the other conventional model shown in Table 1 and 
Figure 2. R-1,C-1 and recall are also greater than 
other methods [28]. The query image was processed 
and gained a reliable result to extract features that are 
fair enough to prove the proposed model outperforms 
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Figure 2: Sample query image.

Table 1: Comparison of precision and recall on the datasets

 ROxford RParis
Method Precision Recall F1-Score Precision Recall F1-Score
CSM [18] 83.29 71 73.58 84.28 71.93 78.83

EP [19] 83.12 70.1 71.45 84.56 72.09 81.23

DCM [20] 79.12 65.1 61.45 80.09 69.01 75.41

GA-based IR [21] 84.16 66.6 78.56 85.56 72 74.51

IRT[22] 80.14 69.5 71.26 78.41 68.47 73.25

OHEM 85.56 73.3 81.45 86.25 75.59 87.89

EP, equilibrium propagation; OHEM, optimized hybrid ensemble model.

other approaches. However, extracting the features 
from the query image is slightly slow when applying it 
to the database. The RPairs dataset also proves that 
the precision and recall values are higher than those of 
the other models. The significance value “α” is slightly 
adjusted with parameter L1 R-1,C-1. First, it strug-
gled to obtain the result; later, its training improved 
compared to that of other models. Recall, precision, 
and F1-score levels are visualized in Figures 3 and 4, 
which makes them very helpful for assessing systems 
when retrieving all pertinent images is crucial. The 
recall value is comparatively good than the other mod-
els by utilizing parameter adjustment with EP [19]. The 
F1-score of the proposed model achieved 81.45% 
and 87.89% on ROxford and RParis datasets, respec-
tively, which is slightly better than the other five mod-
els. The overall performance results are tabulated in 
Table 1 and visualized in Figures 3 and 4. R-1,C-1.

The computation time to retrieve the image from 
the database is measured in terms of seconds. Each 
dataset contains a large number of images with unique 
features; OHEM worked well in retrieving optimal 
images from the database. The computational com-
plexity measure through our local system, which has a 
configuration of 2.5 GHz speed, 8 GB of RAM, a 64-bit 

OS, and Windows 12. To streamline the process, we 
divided the images into five categories, and each cat-
egory had an equal number of images. Each group 
of images is retrieved, and the time taken to retrieve 
is measured and counted as average time and visu-
alized. The computational analysis study reveals that 
OHEM takes less time to retrieve the images from the 
database, plot, and visualize in Figure 5.

III. Conclusion

This research used an enhanced hybrid ensem-
ble model referred to as OHEM to demonstrate 
considerable advancements in the domain of con-
tent-based image retrieval from databases, pred-
icated on similarity matching principles. OHEM 
addresses the essential challenges associated with 
the management of large-scale images within the 
database, as well as the computational time required 
to retrieve analogous images R-1,C-3. A considera-
ble component of OHEM pertains to the extraction of 
features through the integration of a hybrid ensem-
ble model for the retrieval of images in a coherent 
fashion. Utilizing two distinct databases (ROxford 
and RParis) encompassing a variety of image types, 
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Figure 4: Result comparisons with different algorithms on the RParis dataset. EP, equilibrium 
propagation; OHEM, optimized hybrid ensemble model.

Figure 3: Result comparisons with different algorithms on the ROxford dataset. EP, equilibrium 
propagation; OHEM, optimized hybrid ensemble model.

the proposed research evaluated five disparate algo-
rithms (CSM, EP, IRT, GA-based IR, and DCM) R-1,C-
2. Similar images may be accurately and quickly 
retrieved by entering a query image. Additionally, the 
proposed paper analyzes the precision and recall of 
each algorithm using both databases. It concludes 
that the OHEM algorithm has an accuracy of 85%, 

which is 3% greater than that of the CSM, EP, IRT, 
GA-based IR, and DCM R-1,C-1. Future papers on 
the system will incorporate more low-level feature 
images, such as spatial position and shape features, 
to fortify it. Semantically based image retrieval and 
image feature matching are the other two essential 
parts of the OHEM system.
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