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Abstract: Pattern recognition has emerged as an important computational approach for analyzing complex
datasets in various domains. This study uses the TOPSIS method. The research examines five key pattern
recognition tasks: pattern detection, identification, analysis, classification, and trend recognition, evaluated on
four important performance metrics: accuracy, specificity, time complexity, and robustness. Through a
rigorous analytical framework, the study reveals pattern classification as the most effective method,
demonstrating exceptional performance with 99.11% accuracy and 98.24% specificity. Trend recognition
emerged as the second most effective approach, exhibiting strong specificity (87.54%) and efficiency (77.88%).
Pattern analysis distinguished itself with significant time complexity (87.21%), indicating strong computational
capabilities. The research used equal weighting of the evaluation criteria, using normalized data and a
weighted normal decision matrix to ensure a balanced evaluation, to provide detailed insights into the
strengths and limitations of each method. The TOPSIS method established a clear performance hierarchy and
facilitated a systematic ranking of pattern recognition techniques. The findings have broad implications for
machine learning, data science, and artificial intelligence, providing practitioners with a strategic framework
for method selection. By highlighting the multifaceted nature of pattern recognition, this study helps to
understand the evolving landscape of computational analysis techniques. Future research directions include
exploring additional performance metrics and developing sophisticated pattern recognition algorithms.

Keywords: Machine Learning, Data Classification, Computational Techniques, Performance Metrics, Trend
Analysis, Algorithmic Evaluation and Artificial Intelligence.

1. INTRODUCTION

In recent years, computer-assisted analysis of microscopic images has gained significant interest, especially within
high-content screening applications. The connection between imaging and physiological processes is well-
understood, and it is widely recognized that much of our biological knowledge is based on different forms of
microscopy and imaging technologies. Automated imaging systems, paired with laboratory automation, now
generate datasets too vast for manual analysis. As a result, a new form of biological experimentation has emerged,
where image analysis is carried out by machines [1]. Pattern recognition is a well-known concept with a long-
standing history. It is a method used for classifying objects, involving the analysis and description of these objects.
PR integrates mathematical, statistical, heuristic, and inductive techniques, all of which are crucial for enabling
computers to perform tasks akin to human capabilities. Essentially, PR can be seen as the application of
mathematical methods to solve real-world problems [2]. The study of point configurations in a metric space has
been a central focus in pattern recognition for a long time, and its importance has grown with the emergence of
kernel-based learning methods. These methods operate by mapping typical data types to a vector space and
analyzing the properties of the resulting data cloud. Although several techniques have been developed in areas like
multivariate statistics, neural networks, and signal processing, many of these approaches share underlying
similarities [3]. Practical challenges in computational economics limit the widespread use of the methods mentioned
above in real-world scenarios. In these situations, somewhat imprecise and complex techniques are employed to
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arrive at a systematic solution, often referred to as preprocessing, filtering or profiteering, feature or metric
extraction, or dimensionality reduction. The distinction between these concepts and the previous ones lies in the fact
that, in this case, the differences between the various classes are not always considered when selecting the data
parameters. Rather, the goal is to offer a simplified, concise description that is applicable to all models [4]. The aim
of this paper is to provide a comprehensive and introductory tutorial on the fundamental concepts behind support
vector machines. While there are excellent resources on SVMs in books, they often leave room for a more
foundational explanation. Although the field is said to have originated in the late 1970s, it is only recently gaining
significant attention, making it a timely moment for an introductory review. This tutorial focuses entirely on the
issue of pattern recognition. While many of the ideas discussed are also relevant to regression estimation and linear
operator inversion, these topics are not explored here due to space limitations [5]. A pattern recognition machine
must assign a configuration, such as a representation of the block capital letter A, to its appropriate equivalence
class. The determination of which items belong to the equivalence class is made at this stage by the designer or the
design process. The machine's task is to extract the key characteristics of the structure in order to identify the correct
pattern it belongs to. One of the initial steps is designing the basic functions that the machine will use to process and
reduce the input image. Although this is an early and experimental phase of the study, the results are both intriguing
and valuable in guiding future research. For this reason, it is important to discuss these findings at this stage [6].
Despite significant progress in research over the years, face recognition) continues to be a highly challenging task in
practice, due to factors such as variations in facial expressions, appearance, lighting, and aging. Many widely used
FR algorithms, like Eigen faces and Fisher faces, operate in the image domain. However, since any image can be
fully described by its two-dimensional (2-D) Fourier Transform, there are notable advantages such as shift-
invariance, effective decomposition, and closed-form solutions in working within the spatial frequency domain [7].
Innate immune cells primarily consist of monocytes, neutrophils, macrophages, dendrite cells, natural killer cells,
mast cells, eosinophils, and basophiles. Unlike the more specialized T cells and B cells, innate immune cells do not
express specific antigen recognition receptors. Instead, pattern recognition receptors recognize and bind to common
molecules found on the surface of pathogens, apoptotic host cells, and damaged mature cells. This interaction
induces immunosuppressive effects, including anti-inflammatory and antitumor responses, and plays a role in both
the initiation and outcome of specific immune responses [8]. We focus on a process known as pattern recognition,
which involves extracting meaningful features from data while ignoring irrelevant details. Our goal is to simulate
this process using digital computers. To illustrate, we present examples at three levels of complexity, each relevant
to the topics discussed by the other speakers today. In the second stage, we will explore the problem in more depth,
specifically the visual recognition of simple patterns [9]. Discriminative techniques create models that encompass all
categories in the classification, while discrete class-modeling methods build individual models for each category. A
drawback of discriminative methods is that samples are always assigned to one of the predefined categories, even if
they do not truly belong to any of them. In contrast, class-modeling methods treat objects that belong to a category
as part of the model, classifying non-members as non-members [10]. All approaches in this field share a common
objective: to develop an algorithm that can recognize any potential form feature without the need for intervention
from a manufacturing engineer. Interactive form feature definition involves the user selecting a set of form features,
setting recognition parameters for these features, and then using those parameters to automatically recognize the
features on the CAD model of the part, either directly or within a system generated from it [11]. The design of this
circuit functions as a global analog fading memory. Because of the high dimensionality of the Liquid State Machine
(LSM), the transient internal states can be extracted using linear readout elements to generate stable outputs. This
enables reliable real-time processing of time-varying inputs. The only component that needs to be trained is the
readout block, which has linear sensitivities. From the perspectives of evolutionary robotics and developmental
neuroscience, the appeal of this model lies in its suggestion of a general cortical architecture with global real-time
computational capabilities that can be defined by a relatively small number of genetic parameters. Moreover,
unsupervised learning should occur solely in a cascade of linear readout elements, rather than within a recurrent
neural network [12]. The generation of mature T cells is a highly random process. Progenitor cells travel from the
bone marrow to the thymus, where they undergo a two-stage selection process. The first stage, positive selection,
affects the entire mature T-cell population, allowing only cells with functional surface receptors that can recognize
major histocompatibility (MHC) molecules to continue maturing, while the rest undergo apoptosis (programmed cell
death) [13]. The strength of quantum computing lies in its ability to speed up computation times compared to
classical methods, with Short’s factorization algorithm and Grover's search algorithm being key examples. However,
another significant advantage of quantum computing is its potential to dramatically enhance memory capacity,
leading to an exponential increase in specific memory capabilities rather than just processing speed. In traditional
computers, a lookup table (RAM) is used to store information. The primary drawback of this address-based memory

Copyright@ REST Publisher 2



Vimala Saravanan et.al / Journal on Electronic and Automation Engineering, 4(4), December 2025, 1-11

system is its inflexibility. Accessing data requires exact knowledge of the memory address, meaning that incomplete
or corrupted entries cannot be retrieved [14]. Similarly, statistical methods are unable to utilize information about
shape structures. As a result, the underlying intuition of both approaches has garnered combined research interest,
giving rise to a hybrid approach. However, artificial neural network (ANN) models are currently favored because
they tend to deliver better results in pattern recognition (PR) problems, even for many complex tasks. The role of
artificial neural networks in pattern recognition (PR) is both distinctive and adaptable, with notable success. PR
serves as a computational framework for classifying raw data, utilizing methods that foster the development of a
wide range of applications across various fields. The implementation of these methods reflects an intelligent human
response [15].

2. MATERIALS AND METHOD

Pattern detection: A pattern-based intrusion detection system comprises five key modules: the capture module,
decode module, detection module, known attack pattern module, and action module. This system monitors network
packets and matches them against a database of recognized malicious attack patterns. Pattern recognition helps us
read words, understand language, recognize friends, and enjoy music.

Pattern identification: Pattern recognition is a data analysis method that leverages machine learning algorithms to
automatically identify patterns and trends within data. This data can encompass various types, including text,
images, audio, or other measurable attributes. These systems are designed to efficiently and accurately recognize
known patterns. Pattern identification is the process of categorizing an unknown pattern into predefined groups by
analyzing features derived from the pattern. It includes steps such as preprocessing, feature extraction, pattern
recognition, and feature selection prior to classification within the context of cluster analysis.

Pattern analysis: Pattern analysis is an advanced technology that enables the breakdown of complex problems by
examining patterns within data. It has the potential to guide your growth, identify positive trends, or uncover hidden
negative patterns. Chart patterns serve as a fundamental component of technical analysis, and traders must be
familiar with both the patterns they observe and the specific signals they are seeking.

Pattern classification: A classification and division essay breaks down a broad or complex topic into smaller
subtopics, each containing specific categories. Classification writing focuses on organizing the content, so it is
crucial for a writer to begin with an outline to properly structure and arrange their ideas. Classification and division
involve organizing things into their components or categories. Comparison and contrast highlight the similarities and
differences between items. Definition provides an explanation of something in relation to other members of its
category, noting any limitations.

Trend recognition: Trend detection strikes a balance between identifying meaningful trends, which may be subtle,
and disregarding noise caused by natural (random) variation. Pattern recognition is a data analysis method that
employs machine learning algorithms to identify patterns and regularities within data automatically. This data can
take various forms, including text, images, audio, or other measurable attributes. Pattern recognition systems are
capable of swiftly and precisely identifying familiar patterns.

Signal detection: Signal detectors are tools used to capture thousands of signals in real time, analyze the key time
and frequency characteristics of each signal, and then compare them to predefined parameters set by users based on
their specific task. Information is provided regarding a potential causal link between a drug and an adverse event,
where this relationship was previously unrecognized or inadequately documented (WHO). A signal indicates a
possible causal connection between a drug and an adverse event.

Precision: Precision, also known as positive predictive value, refers to the proportion of relevant events among
retrieved events. In formula terms: Recall, or sensitivity, is the proportion of relevant events that are successfully
retrieved. Precision refers to how closely multiple measurements of the same item align with each other. Specificity:
Specificity, when applied to a medical test, denotes the proportion of individuals without a disease who correctly
receive a negative result. No test can achieve perfect specificity, as some individuals without the disease may still
produce a positive result (false positives).

Time Complexity: Time complexity refers to a measure of computational complexity that indicates the amount of
time an algorithm needs to run. It reflects the time taken to execute each operation, and it varies based on the volume
of data being processed. A linear time problem occurs when the running time of an algorithm grows in direct
proportion to the input size.

Robustness: Strength is the quality of being robust and physically healthy. When applied to a system, it describes
the capacity to endure disruptions that could impact the system's essential functions. Robustness refers to an
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algorithm's ability to remain operational despite irregularities in input, calculations, and other factors. In computer
science, it denotes a system's capacity to handle errors that arise during its operation.

TOPSIS Method: Selecting ETL software is a complex process involving multiple criteria, making Multi-Criteria
Decision Making a suitable and effective approach for addressing such challenges. The integration of the AHP and
TOPSIS methods offers a structured framework to evaluate and identify the most appropriate ETL software based
on the specific requirements of decision-makers. This paper introduces an AHP-TOPSIS framework that considers
both qualitative and quantitative factors in the decision-making process. In this framework, AHP is particularly
useful for managing the input of multiple decision-makers with conflicting criteria, helping to achieve consensus.
Meanwhile, the TOPSIS method is used to evaluate and rank the available alternatives [16]. A smart city is an urban
area enhanced by ICT to improve residents' quality of life, optimize urban infrastructure, and deliver better,
increasingly efficient services to its citizens. It generally consists of a network of interconnected systems designed to
enhance urban functions and capabilities through technology-driven solutions. For a smart city to be effective, its
infrastructure must be both geographically and functionally scalable, ensuring the creation of a shared physical
environment that can accommodate the growing needs and demands of its residents [17]. The Taxonomic
Development Metric (TDM) enables the assessment and ranking of objects according to the degree of development
of the phenomenon being analyzed. To apply this composite index, the economic phenomenon under study is broken
down into a set of economic characteristics, each representing a distinct aspect of the phenomenon. The spatial
taxonomic measure of development is an advanced methodology that incorporates spatial characteristics and impacts
in the assessment of regions. These methodologies account for the interactions between regions, thereby influencing
either the preservation of the current state or driving significant changes in their circumstances [18]. The
advancement of information systems and emerging trends in information technology facilitate their application in
healthcare organizations to improve the delivery of healthcare services. Selecting the most suitable option from the
numerous alternatives available in the market is crucial when developing and implementing information systems
that support electronic healthcare. Properly choosing a health information system can not only enhance cost and
operational efficiency but also improve communication, as well as increase interoperability, collaboration, and
integration across healthcare units [19]. To model how humans process qualitative information, Zadeh first
introduced the concept of word-based computation, treating human perceptions as linguistic variables. A linguistic
variable is represented by a set of linguistic terms, referred to as a linguistic term set (LTS). Many researchers have
explored qualitative decision-making using LTS. To better represent complex linguistic information in various
qualitative decision-making scenarios, several extensions of LTS have been developed, focusing on both syntactic
and semantic patterns [20]. Decision-making is a critical process for organizations, often requiring the assessment of
prioritized alternatives against specific criteria. These criteria frequently conflict, making it challenging to identify a
solution that satisfies all of them simultaneously. This challenge is known as a multi-criteria decision-making or
multi-criteria decision analysis problem. While numerous variations of fuzzy TOPSIS (FTOPSIS) methods exist,
there is a notable lack of detailed, step-by-step explanations of the essential stages involved in both standard and
fuzzy TOPSIS approaches in the literature. Additionally, most existing documentation does not clearly or
comprehensively outline the differences between these two methods. As a result, identifying the limitations of the
various methods becomes challenging. Recognizing these limitations is crucial for offering a solid justification or
logical reasoning behind the method selection, as well as ensuring confidence in the recommended conclusion [21].
Over the past few years, information technology has significantly transformed the daily lives of individuals,
businesses, and organizations, including how they search for and acquire information. In the tourism sector, the
Internet has profoundly impacted the marketing, distribution, and sales of travel products and services. As a result,
the Internet has become one of the most important channels for consumers to research travel options, compare
prices, and book airline tickets, hotel rooms, car rentals, cruises, and tours [22]. The TOPSIS method has numerous
applications across various fields. To resolve conflicts in alternative rankings, techniques were developed, and the
TOPSIS method was ultimately chosen. This approach provided credibility to the selection process, especially when
there were disagreements between compromise solutions. In one case, a customer needed to choose between eight
family cars. An analysis of eight cars based on 16 attributes identified the Toyota Corona as the top choice
according to the preference ranking. Furthermore, the method was applied in organizational research on knowledge
management to determine the most critical factors. The study defined two primary criteria, which were further
broken down into six sub-criteria. The findings highlighted "personalization™ as the most significant factor [23]. The
positive and substantial economic impact of foreign direct investment on the development of host and domestic
countries has been widely discussed in the literature. However, by 1990, half of Europe had lost the benefits of FDI,
and Central and Eastern European (CEE) countries were beginning to compete for this investment alongside their
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Western neighbors. In practice, CEE countries were starting to build investor-friendly economies from the ground
up, while their neighbors already had many years of experience in attracting FDI [24]. Moreover, cotton may be
evaluated according to varying quality standards, leading to potential conflicts. As a result, the assessment and
selection of cotton fibers, based on different quality criteria, are unlikely to be uniform. This introduces additional
complexity, making multi-criteria decision-making methods a promising approach for a reliable solution. The
approach involves creating a quality index for cotton fibers that incorporates key fiber parameters. The weights
assigned to these parameters should align with their significance in determining the final yarn quality [25].
Evaluation indicators exhibit both precision and ambiguity, with certain indicators requiring assessment based on
expert opinions. TOPSIS, introduced by Hwang, is a simple yet effective approach for solving multi-criteria
decision-making problems by determining the optimal solution based on its proximity to the ideal positive and
negative solutions. Over the years, researchers have adapted the TOPSIS method to various fuzzy contexts, resulting
in extensions like ordinary fuzzy TOPSIS, interval-valued TOPSIS, IF-TOPSIS, and hesitant fuzzy TOPSIS [26].
The concept of multi-attribute decision making enhances the process of selecting the best optimal solution based on
various attributes. These tasks are common in human activities and such MADM problems frequently occur in a
wide range of real-world scenarios. In various practical decision-making situations, such as choosing a partner for a
company in supply chain management or assessing military system capabilities, decision makers are typically asked
to express their preferences regarding different alternatives [27]. The Ranoli Canal, situated in the Savli taluka of
Vadodara district, has a discharge capacity of 8.09 m3/s and extends over a length of 30.32 km. Due to the area's
uneven terrain; the canal incorporates approximately seven waterfalls at various sections. Among these, four
locations have been chosen for detailed analysis to evaluate the feasibility of implementing a small hydropower
project [28]. Assembling a Test cricket team is a multifaceted process influenced by various factors, including
individual player performance, the presence of key players, fitness levels, playing conditions, the strengths and
weaknesses of the opposing team, and trust in the selection committee. A team's success in Test cricket hinges on
the quality and integrity of the game, the strategic approaches of the captain and coaching staff, and the enthusiasm
and support of the fans. Together, these aspects significantly enhance the winning potential of a well-balanced team
[29]. The existing microcell (MC) base stations are insufficient to meet the growing demand due to the high cost of
widespread deployment. To address the need for higher capacity, small cells (SCs) have been introduced. SCs are
compact base stations with lower costs, reduced transmission power, and smaller coverage areas compared to MCs.
Networks integrating both MCs and SCs are known as heterogeneous networks. Small cells offer notable advantages
in enhancing network performance, particularly for users located at the edges of MC coverage [30].

3. RESULTS AND DISCUSSION

TABLE 1. Pattern recognition

Precision | Specificity | Time Complexity Robustness
Pattern detection 22.44 10.21 41.22 87.91
Pattern identification 33.66 20.26 59.1 52.91
Pattern analysis 44.77 40.26 87.21 59.23
Pattern classification 99.11 98.24 45.65 87.88
Trend recognition 55.11 87.54 86.23 77.88

Table 1 shows the performance metrics for pattern recognition tasks using the TOPSIS method. It evaluates various
parameter accuracy, specificity, time complexity, and robustness across five categories: pattern detection,
identification, analysis, classification, and trend recognition. Pattern classification exhibits the highest accuracy
(99.11%) and specificity (98.24%), indicating excellent accuracy. Meanwhile, trend recognition also shows
significant specificity (87.54%) and robustness (77.88%). Pattern analysis has a high time complexity (87.21),
whereas classification effectively balances efficiency and robustness. Overall, this comparative analysis highlights
the interoperability of metrics in evaluating different pattern recognition methods, emphasizing the need for tailored
approaches depending on specific needs.
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FIGURE 1. Pattern recognition

Figure 1 illustrates the performance metrics of pattern recognition using the TOPSIS method, highlighting accuracy,
specificity, time complexity, and robustness across different tasks. Pattern classification achieves the highest
accuracy (99.11%) and specificity (98.24%), while trend recognition excels in specificity (87.54%). These metrics
serve to effectively evaluate and improve pattern recognition techniques.

TABLE 2. Normalized Data

Precision | Specificity | Time Complexity | Robustness
Pattern detection 0.1747 0.0732 0.2759 0.5270
Pattern identification 0.2620 0.1453 0.3956 0.3172
Pattern analysis 0.3485 0.2887 0.5838 0.3551
Pattern classification 0.7716 0.7044 0.3056 0.5268
Trend recognition 0.4290 0.6277 0.5772 0.4669

Table 2 presents the normalized data for the TOPSIS method, which highlights the interoperability of the metrics of
accuracy, specificity, time complexity, and robustness across various pattern recognition tasks. Pattern classification
achieves the highest normalized values for accuracy (0.7716) and specificity (0.7044), indicating excellent accuracy
and relevance. Trend recognition excels in specificity (0.6277) and exhibits balanced performance on other metrics.
Pattern detection and analysis show moderate robustness (0.5270 and 0.3551, respectively), while their performance
on other metrics varies significantly. This normalized data enables comparative analysis, facilitates the selection of
optimal methods based on specific requirements, and ensures effective interoperability of metrics.
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FIGURE 2. Normalized Data
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Figure 2 shows the normalized TOPSIS data, showing accuracy, specificity, time complexity, and robustness across
tasks. Pattern classification excels in accuracy (0.7716) and specificity (0.7044), while trend recognition balances
out specificity (0.6277) and robustness (0.4669). These metrics provide a comparative assessment to help improve
effective pattern recognition strategies.

TABLE 3. Weight ages
Weight

0.25 | 025 | 0.25 | 0.25
0.25 | 025 | 0.25 | 0.25
0.25 | 0.25 | 0.25 | 0.25
0.25 | 025 | 0.25 | 0.25
0.25 | 0.25 | 0.25 | 0.25

Table 3 presents the weightings used in the TOPSIS method, showing an equal distribution across all criteria:
accuracy, specificity, time complexity, and robustness. Each criterion is assigned a weight of 0.25, emphasizing their
equal importance. This uniform weighting ensures a balanced operation when systematically evaluating and
comparing different pattern recognition methods.

TABLE 4. Weighted normalized decision matrix

Pattern detection 0.0437 | 0.0183 | 0.0690 0.1318
Pattern identification 0.0655 | 0.0363 | 0.0989 0.0793
Pattern analysis 0.0871 | 0.0722 | 0.1459 0.0888
Pattern classification 0.1929 | 0.1761 | 0.0764 0.1317
Trend recognition 0.1073 | 0.1569 | 0.1443 0.1167

Table 4 presents the weighted normalized decision matrix using the TOPSIS method, demonstrating how the
normalized values perform with the assigned weights for accuracy, specificity, time complexity, and robustness.
Pattern classification leads in accuracy (0.1929) and specificity (0.1761), indicating its high performance. Trend
recognition exhibits strong performance with significant values in specificity (0.1569) and robustness (0.1167).
Pattern analysis achieves balanced results, especially in time complexity (0.1459), while pattern detection and
identification contribute moderate values across criteria. This matrix highlights the importance of weighted
evaluation in determining optimal pattern recognition methods according to different performance metrics and
priorities.

Weighted normalized decision matrix

| Pattern detection

m Pattern identification

Pattern analysis
Pattern classification

Trend recognition

FIGURE 3. Weighted normalized decision matrix
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Figure 3 illustrates the weighted normalized decision matrix using the TOPSIS method, illustrating how the metrics
work. Pattern classification achieves the highest weighted accuracy (0.1929) and specificity (0.1761). Trend
recognition balances specificity (0.1569) and robustness (0.1167). This matrix underscores the effectiveness of
weighting in systematically evaluating various pattern recognition tasks.

TABLE 5. Positive and Negative Matrix

Positive Matrix Negative matrix

0.1929 | 0.1761 | 0.0690 | 0.0793 | 0.0437 | 0.0183 | 0.1459 | 0.1318
0.1929 | 0.1761 | 0.0690 | 0.0793 | 0.0437 | 0.0183 | 0.1459 | 0.1318
0.1929 | 0.1761 | 0.0690 | 0.0793 | 0.0437 | 0.0183 | 0.1459 | 0.1318
0.1929 | 0.1761 | 0.0690 | 0.0793 | 0.0437 | 0.0183 | 0.1459 | 0.1318
0.1929 | 0.1761 | 0.0690 | 0.0793 | 0.0437 | 0.0183 | 0.1459 | 0.1318

Table 5 presents the positive and negative matrices in the TOPSIS method, showing the interaction of optimal and
less favorable values. The positive matrix emphasizes the highest values for accuracy (0.1929) and specificity
(0.1761), while the negative matrix highlights the lowest values for specificity (0.0183) and precision (0.0437). This
balance ensures a comprehensive evaluation.

TABLE 6. Final Result of Pattern recognition

Sl Plus Si Negative Ci Rank
Pattern detection 0.2234 0.0770 0.2562 5
Pattern identification 0.1915 0.0759 0.2840 4
Pattern analysis 0.1673 0.0815 0.3275 3
Pattern classification 0.0529 0.2280 0.8116 1
Trend recognition 0.1216 0.1533 0.5577 2

Table 6 summarizes the final results of pattern recognition using the TOPSIS method, which demonstrates the
interplay of performance indices. Pattern classification ranks first with the highest Ci value (0.8116) driven by the
best Si negative (0.2280). Trend recognition follows by achieving a balanced Ci (0.5577). Pattern analysis takes
third place (Ci = 0.3275), reflecting moderate performance. Pattern identification and detection are ranked fourth
and fifth with low Ci values (0.2840 and 0.2562, respectively). This table highlights how positive (SI plus) and
negative (Si negative) scores interact to determine the ranks, ensuring a systematic and comprehensive evaluation of
pattern recognition methods.

Si Plus, Si Negative and Ci Value

Trend recognition
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FIGURE 4. Result of Final Result of Pattern recognition
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Figure 4 presents the final results of pattern recognition using the TOPSIS method, emphasizing the interoperability
of the codes. Pattern classification ranks highest (Ci = 0.8116), followed by trend recognition (Ci = 0.5577). Lower
Cl values place pattern analysis, identification, and detection in third, fourth, and fifth place, reflecting their relative
performance.
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FIGURE 5. Rank

Figure 5 illustrates the ranking of pattern recognition methods using the TOPSIS method. Pattern classification
ranks first, indicating the best performance. Trend recognition ranks second, while pattern analysis ranks third.
Pattern identification and detection rank fourth and fifth, respectively, reflecting their relative performance across
the evaluated criteria.

4. CONCLUSION

This study provides a comprehensive analysis of pattern recognition techniques using the TOPSIS method,
providing important insights into the effectiveness and efficiency of various pattern recognition approaches. The
research systematically evaluated five key pattern recognition tasks: pattern detection, identification, analysis,
classification, and trend detection across four important performance metrics: accuracy, specificity, time complexity,
and robustness. The most notable finding was the exceptional performance of pattern classification, which emerged
as the best performing method. With 99.11% accuracy and 98.24% specificity, pattern classification demonstrated
remarkable capabilities in classifying and organizing complex data structures. This suggests that advanced
classification techniques have significant potential in tackling complex pattern recognition challenges in many
domains. Trend recognition emerged as the second most effective approach, showing strong specificity (87.54%)
and strong efficiency (77.88%). This indicates its ability to identify subtle patterns and trends within diverse
datasets. Pattern analysis showed significant time complexity (87.21%), highlighting its computational efficiency in
processing complex information. These findings are further validated by normalized data and weighted normalized
decision matrix, which provide a nuanced understanding of the strengths and limitations of each method. By
applying equal weights to accuracy, specificity, time complexity, and robustness, the research ensured a balanced
and comprehensive evaluation. The TOPSIS method proved to be particularly valuable in systematically ranking and
comparing different pattern recognition techniques. The final ranking revealed a clear hierarchy: pattern
classification, trend recognition, pattern analysis, pattern identification, and pattern detection. This ranking provides
researchers and practitioners with a strategic framework for selecting appropriate pattern recognition methods based
on specific needs. The implications of this research extend to many fields, including machine learning, data science,
artificial intelligence, and domain-specific applications such as healthcare, economics, and technology. The
methodological approach demonstrates the importance of multiple criteria in decision-making when evaluating
complex computational techniques. Future research could explore additional performance metrics, explore hybrid
approaches that combine these methods, and develop more sophisticated pattern recognition algorithms. The
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findings underscore the ongoing evolution of pattern recognition technologies and their important role in
transforming data analysis and interpretation.
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