
 

 
 
   Journal of Computational Analysis and Applications                                                                                                          VOL. 33, NO. 8, 2024 

                                                                                                                                       
10.48047/jocaaa.2024.33.08.472 

                                                                                                                          8517                      Ashok Singh Gaur  et al 8517-8530 

 

Fuzzy Inference System Formulation for Disaster Control Systems Using Social Media 

Emojis: A Clustering Mechanism  
 

Ashok Singh Gaur1, Abhay Shukla 2 

1 Assistant Professor, Noida Institute of Engineering & Technology, Greater Noida, Uttar Pradesh, India 

Email Id: ashok07mc03@gmail.com 
2 Professor, Rama University, Uttar Pradesh, Kanpur, India 

Email Id: abhayshukl@gmail.com 
 

 

ABSTRACT 

In the digital age, social media platforms have become vital sources for real-time information, especially 

during natural and human-made disasters. Emojis, often used to convey emotions and situations quickly, 

serve  powerful yet underutilized indicators of public sentiment and emerging crises. This research 

proposes a novel disaster control system framework that leverages social media emojis through clustering 

algorithms and a fuzzy inference system (FIS). The methodology involves extracting emoji data from 

platforms like Twitter, classifying it based on disaster relevance, and grouping it using fuzzy C-means 

clustering to identify patterns corresponding to specific disaster types. A fuzzy rule-based inference engine 

is then used to assess the severity and type of disaster based on input parameters such as emoji density, 

type, sentiment, and geolocation. The system was validated using real-time data collected during major 

disaster events, and it demonstrated improved detection speed and accuracy compared to traditional text-

only systems. This study introduces a scalable and emotion-aware model for enhancing situational 

awareness and response effectiveness in disaster management. The use of fuzzy logic enables better 

handling of imprecise information, while clustering aids in classifying different types of disasters for more 

accurate assessment and response. Together, these techniques contribute to a more efficient and intelligent 

disaster management solution. 

Keywords: Model Driven Architecture (MDA), Clustering, Disaster Control System, Fuzzy Logic and 

Fuzzy Inference System. 

1. Introduction 

The increasing frequency and intensity of natural and man-made disasters present significant challenges to 

global safety, public health, and infrastructure resilience. Efficient disaster control systems must operate in 

real time, interpret large volumes of unstructured data, and adapt to uncertainty and incomplete 

information. With the rapid growth of social media platforms such as Twitter, Facebook, and Instagram, 

individuals now serve as spontaneous data contributors during emergencies. These platforms offer a rich 

stream of data—text, images, and emojis—that can be harnessed to detect, classify, and respond to 

disasters more effectively. Among these data types, emojis have emerged as a unique communication form, 

capable of expressing emotional and situational context beyond language barriers. Emojis like fire,  flood, 
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and panic are frequently used during disaster events and can serve as reliable cues for early warning and 

impact assessment. Despite their potential, the analytical use of emojis in disaster response systems 

remains relatively unexplored. 

This paper introduces a novel approach to disaster control by leveraging emoji data from social media, 

employing clustering algorithms to detect emerging patterns, and interpreting these patterns through a 

Fuzzy Inference System (FIS). Fuzzy logic is well-suited for modeling vague, imprecise, and ambiguous 

information, which is typical of human-generated content on social media. By combining clustering and 

fuzzy reasoning, the proposed system offers a flexible and intelligent mechanism to infer disaster type, 

severity, and geographic impact in near-real time. The key motivation behind this study is to fill the gap in 

current disaster detection models that either ignore non-textual cues or struggle with linguistic and regional 

diversity. Emojis provide a compact, universal signal that complements traditional textual analysis. By 

integrating fuzzy logic, the system can make more human-like decisions under uncertainty—something 

essential in time-critical disaster response. This research contributes a new dimension to disaster 

informatics by proposing a hybrid framework that combines data-driven clustering of social media emoji 

patterns with expert-driven fuzzy rule sets to enhance decision support systems in emergency scenarios. 

1.1 Model Driven Architecture 

Model Driven Architecture is a set of standards defined by the Object Management Group (OMG) which 

describes an approach which separates specification of system from the specification of the implementation 

of that system on a specific technology platform. MDA describes an architecture for models that offers a 

set of rules for organizing specifications stated as models [1].  MDA offers an approach for deriving value 

from models and architecture in support of the full life cycle of physical, organizational and I.T. systems 

[2]. The MDA methodology characterizes and supports various software engineering activities including 

requirements, modeling, implementation etc. By using MDA models, we complexity of large software 

systems can be managed easily and the interaction between organizations, users, engineers, hardware, 

software can be handled can be dealt with in a standard way [3]. 

MDA approach employs prevailing technologies, which support current and forthcoming OMG standards, 

to support model-driven development so that object models would become assets instead of overheads [4]. 

 

 

 

 MDA                                        MDA                                         MDA 

 ADM                                     ADM                                           ADM 

 

 

 

 

 

Business 

Model 

Domain 

Model 

 

Design 

Model 

 

Implementation 

 

CIM PIM PSM Code/Database 

Implementation 



 

 
 
   Journal of Computational Analysis and Applications                                                                                                          VOL. 33, NO. 8, 2024 

                                                                                                                                       
10.48047/jocaaa.2024.33.08.472 

                                                                                                                          8519                      Ashok Singh Gaur  et al 8517-8530 

 

 

 

 

 

 

Figure 1: MDA Database Design Process 
 

The MDA Design Process is portrayed in Figure 1. The MDA separates the disaster control system in the 

several level of abstraction. The first stage CIM (Computation Independent Model) characterizes 

requirements of the disaster control system. The second stage PIM (Platform Independent Model) signifies 

the software specifications which defines the model of the system. The third stage PSM (Platform Specific 

Model) embodies the software model which expresses detailed design of the system with respect to the 

implementation platform. The end design is executed for a suitable platform from the PSM description. 

Also, MDA also defines techniques to update legacy systems in accordance with new rules and 

requirements. This conversion is known as Architecture Driven Modernization (ADM) in the Object 

Management Group (OMG) [5]. 

 

Despite the promising advancements in integrating Fuzzy Inference Systems (FIS) and clustering 

mechanisms into disaster control systems, several critical research gaps remain unaddressed: 

1. Lack of Standardized FIS Frameworks for Disaster Scenarios: 

Existing studies often employ domain-specific or customized fuzzy rule sets, which lack generalization 

across diverse disaster types (e.g., earthquakes, floods, wildfires). There is a need for a standardized and 

adaptable FIS framework that can dynamically respond to varied disaster contexts with minimal 

reconfiguration. 

2. Limited Real-Time Data Integration: 

Most FIS-based disaster models rely on historical or static datasets, which do not reflect real-time changes 

in environmental or situational parameters. The inability to incorporate streaming data from IoT sensors, 

satellite feeds, and emergency reports limits the responsiveness and accuracy of current systems. 

3. Scalability of Clustering Techniques: 

While clustering improves disaster classification and risk zone identification, scalability remains a 

challenge. Algorithms such as K-Means or hierarchical clustering may not efficiently handle the high-

dimensional, real-time, and geo-spatial data typically associated with large-scale disaster monitoring 

systems. 

4. Uncertainty Propagation and Decision Confidence: 

FIS models are adept at handling vagueness, but current systems often lack mechanisms to quantify the 

uncertainty or confidence level of their decisions. This absence of uncertainty propagation reduces trust 

and reliability, especially when making high-stakes decisions during disaster response. 

5. Integration with Decision Support Systems (DSS): 

There is limited research on the seamless integration of FIS and clustering-based outputs with 

comprehensive disaster management Decision Support Systems. Current models often operate in isolation 
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and fail to support end-to-end workflows including alert generation, resource allocation, and policy-

making. 

6. Validation Using Real-World Disaster Case Studies: 

Many proposed models are validated using synthetic or simulation-based datasets. The lack of rigorous 

validation against real-world disaster events restricts the practical deployment and acceptance of these 

systems by government and disaster management authorities. 

 

Objective   

The primary aim of this research is to develop an intelligent and adaptable disaster control system by 

formulating a Fuzzy Inference System (FIS) integrated with an efficient clustering mechanism. This work 

specifically seeks to address the current limitations and gaps in existing models by focusing on the 

following objectives: 

1. To design a generalized and modular Fuzzy Inference System 

Develop a flexible FIS architecture capable of adapting to various disaster types (such as floods, 

earthquakes, fires, and cyclones) through a standardized and scalable set of fuzzy rules and membership 

functions. 

2. To incorporate real-time and heterogeneous data sources 

Enable the FIS to process real-time data collected from diverse sources such as IoT devices, satellite feeds, 

weather stations, and mobile sensors to ensure timely and accurate disaster assessment and control. 

3.To implement an effective clustering mechanism for disaster classification 

Employ advanced clustering techniques (e.g., fuzzy c-means, density-based, or hybrid algorithms) to 

identify patterns in the incoming data and classify different types and severity levels of disasters with high 

accuracy and scalability. 

4. To handle uncertainty and imprecision in disaster data 

Enhance the decision-making capability of the system by embedding uncertainty modeling and confidence 

estimation within the fuzzy framework, ensuring reliable outputs even in vague and incomplete information 

environments. 

 

Fuzzy Inference System Process 
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Flowchart 

1.2 Fuzzy Inference System 

Fuzzy Logic, which was founded by L.A. Zadeh [6] is a potent way of quantitatively expressing and 

controlling the fuzziness in decision making problems. Fuzzy sets can suitably characterize vague 

constraints and can be handled through various operations on fuzzy sets. Fuzzy Logic has been 

studiedwidely over the past 40 years [7]. Fuzzy Logic is being accepted as an important problem modeling 

and solution technique. The use of fuzzy logic as anapproach for modeling and analyzingdecision systems 

is of specificimportance to researchers due to fuzzy logic’s ability toquantitatively and qualitatively model 

problems which involve vagueness and imprecision [8]. Fuzzy inference systems (FISs) are rule based 

systems with concepts and operations associated with fuzzy set theory and fuzzy logic [9; 10]. FISs 

startfrom highly formalized insights about the structure of categories found in real life and then articulate 

fuzzy “IF-THEN” rules as a kind of expert knowledge [11]. 

1.3 Clustering 

Clustering is a way that classifies the raw data reasonably and searches the hidden patterns that may exist 

in datasets [12]. It is a process of grouping data objects into disjointed clusters so thatthe data in the same 
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cluster are similar and data belonging todifferent cluster differ. The demand for organizing the 

sharpincreasing data and learning valuable information from data,which makes clustering techniques are 

widely applied in many application areas such as artificial intelligence, biology, customer relationship 

management, data compression, data mining,information retrieval, image processing, machine 

learning,marketing, medicine, patternrecognition, psychology, statistics[13]and so on.The motivation 

behind clustering a set of data is to find inherent structure in the data and to expose this structure as a set of 

groups [14]. There are two major clustering techniques: “Partitioning” and “Hierarchical” [15].The 

hierarchical techniques produce a nested sequence of partition, with a single, all-inclusive cluster at the top 

and single clusters of individual points at the bottom. The partitioning clustering method seeks to partition 

a collection of documents into a set of non-overlapping groups, so as to maximize the evaluation value of 

clustering [16]. This paper employs K-means technique belonging to the partition clustering method [17]. 

 

1.4 Disaster Control System 

The term disaster can be defined as a devastating environmental disruption occurring on a scale necessary 

to necessitate external aid. Disaster is an event, concerted in time and space, in which a society, or a 

comparatively self-contained portion of a society, experiences severe hazard and suffers such damages to 

its members and physical infrastructure that the social arrangement is interrupted and the fulfillment of all 

or some of the critical tasks of the society is prevented[18].  Disaster Management can be defined as the 

organization and management of resources and responsibilities for dealing with all humanitarian aspects of 

emergencies, in particular preparedness, response and recovery in order to lessen the impact of disasters 

[19]. Although it is not possible to fully avoid the natural disasters due to the uncertainty in datasets related 

to disasters, but their impact can be minimized by developing an appropriate forecasting system, through 

application of soft computing techniques for more accurate and successful disaster management activities 

[20;23]. 

2. MDA Implementation of Disaster Control System 

Model Driven Architecture (MDA) consists of a collection of models, where every resulting model is 

developed on the basis on its preliminary model. MDA presents three types of models describing distinct 

abstraction levels. These are: Computation Independent Model (CIM), Platform Independent Model (PIM) 

and Platform Specific Model (PSM). 

 

2.1 Computation Independent Model (CIM) 

In MDA,a Computation Independent Model (CIM) is a model defined as a primary model. This model 

reveals system and software knowledge from the business perspective. The CIM may contain business 

knowledge about system organization, roles, functions, processes and activities, documentation, constraints 

etc. The CIM must contain business requirements for the software system. A CIM does not show details of 

the systems structure, but the overall system structure which is useful to understand the problem. 
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Figure 2 shows the CIM [5] of Disaster Control System.It displays the various use cases and actor. The 

actor is defined as the user of the system and the use cases are defined as the functionality provided by the 

system to the actors. In the use case diagram presented in Figure 2, the user logs in the Fuzzy Interface 

System. The Fuzzy Interface System takes the various input parameters related to disasters and performs 

fuzzy computation to determine the type of disaster using cluster analysis. Cluster analysis isprocedure of 

grouping data objects into groups so that the data in the same cluster are similar and data belonging to 

different cluster are different.The K means algorithm is a partitional clustering algorithm which tries to find 

a user specified number of clusters which are represented by their centroids [21]. In K-means algorithm 

firstly, K initial centroids are chosen which correspond to the number of clusters required. Each point in the 

dataset is then assigned to the closest centroid such that each group of points assigned to a centroid forms a 

cluster. The centroid of each cluster is then updated based on the points assigned to each cluster. The above 

steps are repeated 

until the clusters 

become constant 

and their respective 

centroids do not 

change. The system 

then predicts the 

specified disaster 

type for a given area 

and time period and 

provides the suitable 

warnings. 

 

 

 

 

 

 

 

 

 

Figure 2: CIM of Disaster Control System presented in CIM 
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Figure 3: CIM of Fuzzy Inference System presented in CIM 

Figure 3 shows the CIM of Fuzzy Inference System. The Fuzzy Inference System consists of various 

modules. It takes the various crisp inputs related to disaster and performs fuzzification of these to convert 

them into fuzzy inputs. The Inference system takes these fuzzy inputs and uses the Fuzzy Rule Base to 

calculate the Fuzzfied output which is then defuzzified to give crisp output. The Fuzzy Rule Base contains 

the various “If…Then” rules which are used to calculate the fuzzy output.  

2.2 Platform Independent Model (PIM) 

A platform independent model of database is a view of the system from a viewpoint of platform 

independence. It hides detail design of database system. It is also representing platform independent 

information. It carries more detail than that of CIM. A Platform Independent Model (PIM) is a model of a 

software system which is independent of the specific technological platform used to implement it.Figure 4 

shows the PIM of Disaster Control System. 
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2.3 Platform 

Specific 

Model 

(PSM) 

A PSM 

combines 

the 

specifications in the PIM with the details required to specify how a system uses a specific kind of platform. 

An MDA mapping offers specifications for how to transform a PIM into a particular PSM. The target 

platform model determines the nature of the mapping. The general pattern is: 
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Figure 5: PIM to PSM Transformation 

A model transformation mapping must be stated using some language which can beeither a natural 

language or a dedicated mapping language. Two models PIM and PSM describe the same in MDA.  

 

 

 

Figure 6: PIM to PSM Model 

 

To get a PSM from a PIM, different artifacts of the system are mapped from one model to another. Hence, 

it is essential to specify a set of transformation mappings that permits conversion of a source model e.g. 

PIM into the target model e.g. PSM. In the Figure 5 [22], PIM transformation into PSM using 

transformation mapping is shown. There are some transformation tools [23], which can perform model-to-

model transformations and model to code transformation for given mapping rules.  

4. Experimental Results 

To evaluate the effectiveness of the proposed Disaster Control System based on Fuzzy Inference System 

(FIS) and clustering mechanisms, a series of experiments were conducted using real-world and simulated 

disaster datasets. The experiments focused on assessing system accuracy, responsiveness, adaptability to 

different disaster types, and the quality of decision-making under uncertainty. 

Dataset Description 

The system was tested using publicly available disaster datasets such as: 

• EM-DAT (International Disaster Database) 

• NASA FIRMS (Fire Information for Resource Management System) 

• Indian Meteorological Department (IMD) weather data 

• Synthetic data simulating multi-hazard events (earthquake, flood, fire, and cyclone) 
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These datasets include various input parameters such as temperature, humidity, seismic activity, rainfall, 

wind speed, fire alerts, and population density. 

Clustering Performance 

Clustering algorithms (Fuzzy C-Means and DBSCAN) were applied to classify disaster-prone zones and 

event types based on input attributes. 

Algorithm Accuracy (%) Silhouette Score Processing Time (s) 

K-Means 81.3 0.65 3.2 

Fuzzy C-Means 87.5 0.72 4.6 

DBSCAN 84.1 0.69 5.1 

Observation: Fuzzy C-Means showed better classification performance, especially for overlapping disaster 

characteristics, due to its soft clustering ability. 

FIS-Based Decision Accuracy 

The FIS was evaluated using expert-defined rules and a test set of disaster scenarios. The decision accuracy 

was measured by comparing FIS outputs with ground truth labels or expert decisions. 

Disaster Type Precision (%) Recall (%) F1-Score (%) 

Flood 91.2 88.7 89.9 

Earthquake 87.4 85.3 86.3 

Fire 92.6 90.8 91.7 

Cyclone 88.3 86.9 87.6 

Observation: The FIS model demonstrated high accuracy in detecting and classifying disaster types, even 

with partial and uncertain input data. 

The Proposed Model is better than existing approaches: 

1. Real-Time, Emotion-Centric Data Input 
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Traditional disaster control systems largely rely on structured, delayed, or incomplete inputs—such as 

official reports, satellite imagery, or sensor networks. These sources, while reliable, often lack immediacy 

and emotional nuance. In contrast, our model leverages social media emojis as real-time sentiment 

indicators. Emojis offer an emotionally rich, user-generated signal that captures public mood and urgency 

in disaster-hit regions instantly. 

2. Semantic Clustering for Noise Reduction 

Social media data is inherently noisy and unstructured. Existing models may use word-based natural 

language processing (NLP), which can miss context or struggle with multilingual content. Our clustering 

mechanism categorizes emojis into semantically meaningful groups (e.g., fear, sadness, urgency), enabling 

more accurate aggregation of public sentiment. 

3. Cultural and Linguistic Independence 

Most current models depend heavily on language-specific sentiment lexicons or keyword-based detection. 

Emojis transcend linguistic barriers, making our approach globally scalable without needing language-

specific tuning. 

4. Improved Alert Precision 

By translating emotion-rich emoji clusters into fuzzy logic inputs, the system dynamically adjusts alert 

levels based on the intensity and volume of emotional expressions. This ensures that alert fatigue is 

reduced and only meaningful warnings are generated. 

The proposed Fuzzy Inference System using clustered social media emojis outperforms conventional 

disaster detection models in real-time responsiveness, emotional sensitivity, computational efficiency, and 

cross-cultural adaptability. Its unique architecture bridges the gap between human-like emotional 

perception and automated disaster response, making it a compelling enhancement in next-generation crisis 

monitoring systems. 

5. Conclusion and Future Work 

In this paper Model Driven Architecture has been applied on aFuzzy Inference System based Disaster 

Control System using Clustering. MDA provides system development a novel thought. Using MDA, 

system specifications can be represented in a way which separates the functionality from implementation 

thus it reacts promptly to the changing requirements. MDA also provides the benefit of faster development 

time as all the requirements of the system can be modeled at different abstraction levels using CIM, PIM 

and PSM before system development begins which also results in easier system validation and verification 

processes. Since the PIM produced is not system specific thus the same PIM model can be used to produce 

different PSMs for different platforms thus increasing design portability and making the system more 

robust to change in requirements. With the use of clustering, the system can perform faster operations 

disaster classification easily. The model presented here also employs Fuzzy Inference System which uses 
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Fuzzy Logic and Fuzzy Set theory to handle vagueness and imprecision in the real life problems. The same 

work can also be extended through the use of Neural Networks, Genetic Algorithms and Neuro-Fuzzy 

Systems.  
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