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 Abstract- This project focuses on analyzing crime patterns across different states and union territories in India 

using historical crime data. The dataset contains information on various crime types recorded annually, enabling 

temporal and spatial analysis. The study applies machine learning techniques, including K-Means clustering, to 

group states with similar crime trends. Classification algorithms such as Random Forest, Logistic Regression, 

and Support Vector Machines (SVM) are used to predict crime categories based on historical patterns. K-Means 

clustering helps in identifying regions with high, medium, and low crime incidence. Random Forest provides 

insights into the most significant factors influencing crime rates. Logistic Regression is employed for 

probabilistic prediction of crime occurrence. SVM is used to classify crime types with optimized decision 

boundaries. The integration of clustering and classification offers both descriptive and predictive analysis of 

crime patterns. Overall, the system supports policymakers and law enforcement agencies in understanding 

trends, allocating resources effectively, and implementing targeted crime prevention strategies. 
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I. Introduction 

 Crime analysis plays a vital role in modern governance by enabling policymakers and law enforcement 

agencies to understand patterns and trends in criminal activities over time. With the increasing availability of 

digital records, historical crime datasets have become essential for data-driven decision-making. This study 

focuses on analyzing crime patterns across various states and union territories in India using data from 2001 to 

2012, covering multiple crime categories. Each record represents the annual occurrence of specific crimes, 

supporting both temporal and spatial analysis. Traditional crime analysis methods, which rely on manual 

inspection and basic statistical approaches, are often inefficient and prone to errors when handling large-scale 

datasets [1], [3]. To overcome these limitations, this work employs machine learning techniques for efficient 

and accurate analysis. Clustering using K-Means is applied to group regions with similar crime trends, enabling 

the identification of low, medium, and high crime zones. Additionally, classification algorithms such as Random 

Forest, Logistic Regression, and Support Vector Machines (SVM) are utilized to predict crime categories based 

on historical patterns. Random Forest enhances prediction accuracy by handling complex and noisy data, while 

Logistic Regression provides probabilistic insights into crime occurrence. SVM further improves classification 

by optimizing decision boundaries for complex datasets [5], [7]. The integration of clustering and classification 

supports both descriptive and predictive analytics, facilitating better resource allocation and proactive crime 

prevention strategies. This data-driven approach enhances public safety and enables evidence-based policy 

formulation [8], [10]. 

Ii. Literature Review 

Artificial intelligence in crime prediction has progressed from basic statistical methods to advanced machine 

learning models. Early approaches relied on rule-based systems and simple classifiers, which had limitations in 

handling complex crime patterns [1]. Recent studies show that algorithms such as Random Forest, Decision 



Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 3 (2026) 

__________________________________________________________________________________ 

225 

Trees, K-Nearest Neighbors, and Support Vector Machines are widely used for crime classification and 

prediction, with Random Forest often providing higher accuracy [3], [4]. Research also emphasizes the 

importance of explainable AI to ensure transparency and trust in law enforcement applications [2]. Incorporating 

spatial and temporal features has further improved crime risk prediction by capturing geographical dependencies 

[5]. Additionally, deep learning models like Generative Adversarial Networks are being explored for generating 

synthetic crime data and enhancing predictive performance [6]. Overall, current research focuses on accurate, 

interpretable, and ethical AI-based crime prediction systems. 

Table 1: Summary of Existing Crime Prediction and Analysis Approaches 

Study Focus 
Techniques 

Used 

Key 

Contribution 
Limitations 

Crime 

Prediction 

Review 

AI & ML 

models 

Compares 

different AI 

techniques 

Data quality 

issues 

Homicide 

Prediction 

Explainable 

ML (RF, 

SVM) 

Improves 

transparency 

in predictions 

Accuracy–

interpretability 

trade-off 

Geographical 

Crime 

Analysis 

Spatiotemporal 

models 

Includes 

location-

based crime 

patterns 

Requires 

complex 

spatial data 

Iii.Existing System 

 The existing systems for analyzing crime patterns rely on traditional methods of crime data 

management and basic statistical approaches. Law enforcement agencies generally collect data from First 

Information Reports (FIRs), criminal records, court case details, and manual reports to identify crime trends [10]. 

While useful for basic reporting, this approach becomes inefficient for large and complex datasets, leading to 

delayed analysis and limited insight generation [8]. 

A. To Support Crime Data Management 

 Many law enforcement agencies use digital systems to store crime records, FIR details, and case 

histories. However, these systems often operate in isolated environments, and data analysis is performed using 

basic statistical tools. This results in poor integration of datasets and difficulty in identifying hidden crime 

patterns and relationships across regions [5]. 

B. Identified Problems 

 Existing systems rely heavily on manual inspection and traditional statistical methods, which are not 

suitable for large-scale crime datasets. They struggle with scalability, lack predictive intelligence, and are unable 

to effectively identify complex crime patterns. Additionally, the absence of machine learning-based analysis 

limits their ability to support proactive decision-making and future crime prediction. 

Table 2:Limitations of Existing Recruitment Systems 

Aspect Existing Systems 

Data Management 
Isolated and unintegrated 

crime databases 

Analysis Method 
Manual and basic statistical 

analysis 

Pattern Detection Limited ability to detect 
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hidden patterns 

Scalability 
Inefficient for large crime 

datasets 

C. Problem Definition 

 The primary challenge is the absence of intelligent and scalable systems for automatically analyzing 

and predicting crime patterns using historical crime data. Traditional methods fail to capture complex 

relationships among time, location, and crime types [13]. 

D. Motivation for the Proposed System 

 The primary challenge is the absence of intelligent and scalable systems for automatically analyzing 

and predicting crime patterns using historical crime data. Traditional methods fail to capture complex 

relationships among time, location, and crime types [13]. 

Iv. Proposed Methodology 

The proposed system is designed as a machine learning-based crime prediction framework implemented using a 

Flask-based web application, where crime data is processed, analyzed, and classified into different crime trend 

levels using trained machine learning models [10]. The system follows a structured pipeline consisting of data 

collection, preprocessing, clustering, model training, prediction, and result visualization [15]. The overall 

architecture of the system is illustrated in Figure 1, which represents the flow of data from dataset loading to 

final crime prediction output. 

 

Fig 1: Block Diagram of the Proposed Crime Prediction System 

A. Data Collection (Load Crime Database) 

 Crime-related data is stored in a structured database using SQLite and model files. The dataset includes 

attributes related to crime patterns and historical records used for training the machine learning model. 

B. Data Preprocessing 

 The collected data is preprocessed by handling missing values, converting categorical inputs into 

numerical format, and normalizing features for uniform scaling. 

Normalization Formula (Min-Max Scaling): 

 

This step ensures that all input features contribute equally to model training. 

C. Data Visualization 

 Exploratory analysis is performed using graphs and statistical plots to understand crime distribution 

patterns and trends across different regions. 
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D. Train-Test Split 

 The dataset is divided into training and testing sets to evaluate model performance effectively. 

Train Set:80%, Test Set:20% 

E. Machine Learning Model Training 

 Classification algorithms such as Random Forest, Logistic Regression, and Support Vector Machine 

(SVM) are trained on the processed dataset to predict crime clusters. 

Random Forest Prediction Model: 

 

Where Ti(X) represents predictions from individual decision trees. 

F. Model Evaluation 

 The trained models are evaluated using performance metrics to measure accuracy and reliability. 

Accuracy Formula: 

 

Precision Formula: 

 

G. Crime Prediction Process (User Input Module) 

 The user enters crime-related input features through the web interface. The trained machine learning 

model processes the input data and predicts the corresponding crime cluster based on learned patterns from 

historical datasets. 

H. Output Generation and Visualization 

 The predicted cluster is mapped to meaningful labels such as Low Crime Trend, High Crime Trend, 

and Extreme Crime Hotspot. The results are stored in the database and displayed to users along with percentage-

based risk values to improve interpretability and decision-making. 

I. Algorithm: Crime Prediction Procedure 

Input: User crime features / dataset 

Output: Crime cluster and risk level 

Steps: 

1. Load trained machine learning model (pickle file)  

2. Accept user input features through the interface  

3. Preprocess and reshape the input data  

4. Predict crime cluster using the trained model  

5. Map predicted cluster to meaningful labels and percentage risk values  

6. Store prediction results in SQLite database  

7. Display final output on the web interface 
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V. System Architecture 

This section presents the architectural design of the proposed crime trend prediction system, where raw crime 

datasets are transformed into meaningful crime intelligence insights through a scalable modular and layered 

architecture. The system follows a pipeline-based framework consisting of data collection, preprocessing, 

feature engineering, model training, clustering, classification, and decision-making layers to ensure accurate 

crime trend analysis and prediction. 

 

Fig 2: System Architecture of Crime Trend Prediction System 

1. Data Input Module: 

 This module collects crime-related data from multiple sources such as police records, government 

crime databases, historical crime reports, and state-wise crime statistics. The dataset includes attributes such as 

STATE/UT, CRIME HEAD, YEAR, and crime counts. The collected data is stored in structured formats such 

as CSV files or relational databases for further processing and analysis.  

2.Data Preprocessing Module: 

 The preprocessing module cleans and transforms raw crime data into a structured format suitable for 

machine learning. It handles missing values, removes duplicate records, encodes categorical variables such as 

STATE/UT and CRIME HEAD, and normalizes numerical crime count values to ensure uniform scaling and 

improved model performance.  

Normalization Formula: 

 

This ensures all input features are scaled uniformly for model training and clustering. 

3. Feature Selection and Representation Module: 

 This module identifies important features influencing crime trends such as state, crime type, year, and 

historical crime frequency. The selected features are converted into numerical form using encoding techniques 

and structured into feature vectors for model input. 

Feature Vector Representation: 

 

This feature vector is used as input for clustering and classification models. 

4. Machine Learning Model Module: 

 This module applies machine learning algorithms to analyze crime patterns. K-Means clustering is used 

to group states into different crime intensity levels, while classification models such as Random Forest, Logistic 

Regression, and SVM are used for crime trend prediction and classification. 

Random Forest Prediction Formula: 
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Where Ti(X) represents predictions from individual decision trees. 

5. Prediction and Scoring Module: 

 This module generates final predictions and assigns crime risk levels based on model output. It 

classifies regions into categories such as Very Low, Low, Moderate, High, and Extreme Crime Zones using 

predicted cluster labels. 

Crime Risk Score Formula: 

 

Based on this score, regions are categorized into different crime trend levels. 

6. Visualization and Reporting Module: 

 The final module presents results through Flask-based web dashboards, charts, and heatmaps. It 

visualizes crime trends across states and years, helping law enforcement agencies make data-driven decisions. 

Error Evaluation Formula (MSE): 

 

 This evaluates the accuracy and performance of the prediction models. 

Vi. System Implementation 

 This section describes the implementation aspects of the proposed crime trend prediction system. It 

outlines the tools, technologies, and configurations used to develop and evaluate the system, along with details 

of model training, clustering, and deployment using Flask. The implementation is designed to be reproducible 

and adaptable to real-world crime analysis environments [10]. 

A. Development Environment 

 The system is developed using Python due to its strong support for machine learning, data analysis, and 

web application development. Flask is used as the web framework to build an interactive interface for crime 

prediction. Anaconda Navigator is used for environment management, and Visual Studio Code is used as the 

primary development tool for coding and debugging. 

B. Libraries and Frameworks Used 

 The implementation utilizes various Python libraries for data processing, machine learning, and 

visualization. Pandas and NumPy are used for data manipulation and numerical computations. Scikit-learn is 

used to implement machine learning algorithms such as Random Forest, Logistic Regression, Support Vector 

Machine (SVM), and K-Means clustering. Matplotlib and Seaborn are used for data visualization. Flask is used 

for web deployment, SQLite is used for database management, and Pickle is used for model serialization and 

loading. 

Table 3: Software and Hardware Requirements 

Component Specification 

Operating System Windows 7/8/10 (32-bit or 64-

bit) 

RAM Minimum 4 GB 

Programming Language Python 

Development Tool Jupyter Notebook 

Environment Manager Anaconda Navigator 
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C. Model Implementation 

 Multiple machine learning algorithms are implemented for crime trend analysis. K-Means clustering is 

used to group states/regions based on crime intensity levels. Random Forest is used for robust classification and 

feature importance analysis. Logistic Regression is used for probabilistic prediction, and Support Vector 

Machine (SVM) is used for high-accuracy classification with optimal decision boundaries. The final trained 

model is saved as model.pkl and integrated into the Flask application for real-time crime prediction. 

D. Training and Testing Procedure 

 The dataset is divided into training and testing sets using an 80:20 ratio to ensure unbiased evaluation. 

During training, the models learn patterns from historical crime data including state, year, and crime type 

features. During testing, unseen data is used to evaluate model performance. Performance is measured using 

accuracy, precision, recall, and F1-score to ensure reliability and effectiveness of predictions. 

E. Prediction and Evaluation Implementation 

 After training, the model is deployed in a Flask-based web application for real-time crime prediction. 

User input is collected through web forms, preprocessed, and passed to the trained model for prediction. The 

system classifies input data into crime trend categories such as Very Low, Low, Moderate, High, and Extreme 

Crime Zones. The predicted results are stored in a SQLite database for future reference and analysis. 

F. Visualization and Reporting Implementation 

 The system provides visualization of crime trends using charts, graphs, and heatmaps. Matplotlib and 

Seaborn are used to generate visual insights such as crime distribution across states, yearly crime trends, and 

cluster-based grouping. These visualizations help law enforcement agencies and policymakers understand crime 

patterns effectively and support data-driven decision-making [14]. 

Vii. Experimental Results And Analysis 

This section evaluates the proposed crime trend prediction system using a labeled crime dataset by measuring 

performance metrics such as accuracy, precision, recall, and F1-score. The dataset containing state-wise and 

year-wise crime statistics is preprocessed, normalized, and split into training and testing sets to ensure unbiased 

evaluation of machine learning models including K-Means clustering, Random Forest, Logistic Regression, and 

Support Vector Machine (SVM) [5]. The models are trained on historical crime data and tested on unseen data 

to assess prediction performance, robustness, and effectiveness in identifying crime trends and high-risk regions 

[12]. 

 

Fig 3: Home Page 

Fig. 3 shows the home page of the proposed system, which provides options for user sign-in and account 

creation. 

 

Fig 4: Create Account and Sign-In Page 
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Fig. 4 illustrates the account creation and sign-in interface. New users can register by providing the required 

details, while existing users can log in using valid credentials. 

A. Experimental Setup 

 The experimental setup is implemented in Python using libraries such as Pandas, NumPy, Scikit-learn, 

Matplotlib, and Seaborn for data processing, model building, and visualization. The dataset includes features 

such as STATE/UT, CRIME HEAD, YEAR, and crime counts, which are encoded and normalized for machine 

learning processing. 

 The dataset is split into training and testing sets in an 80:20 ratio. Multiple machine learning models 

including K-Means Clustering, Random Forest, Logistic Regression, and SVM are trained and evaluated. The 

final trained model is saved using Pickle (model.pkl) and deployed within a Flask web application for real-time 

prediction. 

 

Fig 5: Main Page with Description, Contact, and Prediction Options 

Fig. 5 shows the main page of the system, which includes the project description, contact details, and options for 

crime prediction. 

B. Performance Metrics 

The performance of the proposed system is evaluated using classification-based evaluation metrics: 

1. Accuracy – Measures the overall correctness of predictions.  

2. Precision – Measures how many predicted positive cases are actually correct.  

3. Recall – Measures how many actual positive cases are correctly identified.  

4. F1-Score – Harmonic mean of precision and recall, providing balanced evaluation.  

These metrics help in evaluating the reliability and effectiveness of crime prediction models. 

C. Results of Prediction Models 

 The performance of different machine learning models is compared based on accuracy and prediction 

capability. Ensemble-based models and SVM show improved performance due to better handling of complex 

crime patterns and feature relationships. 

Table 4: Classification of Models on Accuracy 

Model Accuracy 

Random Forest 

Classifier 
High 

Support Vector 

Machine 
High 

Logistic Regression Moderate 
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 Among these models, the Random Forest Classifier achieves the best performance due to its robustness, 

ability to handle large datasets, and reduced overfitting. 

D. Visualization Results 

To understand crime patterns and model behavior, several visualizations are generated: 

• Crime Trend Distribution Plot: Shows distribution of crime levels across states and years.  

• Cluster Analysis Plot: Visualizes grouping of states into different crime risk categories using K-Means.  

These visualizations help in identifying crime hotspots and understanding underlying data patterns. 

E. Comparative Analysis 

 The proposed machine learning-based system is compared with traditional crime analysis methods such 

as manual reporting and statistical analysis. 

Table 5: Comparison Between Traditional Methods and Proposed System 

Criteria 
Traditional 

Methods 

Proposed 

System 

Accuracy Moderate High 

Automation Low Full 

Scalability Limited High 

Efficiency Low High 

The results clearly show that the proposed system improves prediction accuracy, automation, and scalability for 

crime analysis. 

F. Result Interpretation 

 The results indicate that the proposed system effectively predicts crime trends and classifies regions 

into different crime intensity levels. K-Means clustering successfully identifies crime-prone areas, while 

Random Forest and SVM provide highly accurate classification results. Logistic Regression performs well in 

probabilistic prediction of crime categories. The system helps in identifying high-risk zones, supporting law 

enforcement agencies in decision-making and resource allocation. 

 

G. Summary of Findings 

 The experimental results demonstrate that machine learning models significantly improve crime trend 

prediction compared to traditional methods. The Random Forest model provides the highest accuracy, followed 

by SVM and Logistic Regression. Clustering enhances the system by grouping similar crime-prone regions, 

while visualization improves interpretability. The system is scalable, efficient, and suitable for real-time crime 

prediction and analysis in real-world environments. 

H. Algorithm Comparison 

Table 6: Comparison of Algorithms with Accuracy 

Algorithm Accuracy 

Random Forest 96% 
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Support Vector 

Machine 
95% 

Logistic Regression 92% 

I. Prediction Results 

 

Fig 6: Crime Prediction Page 

 Fig. 6 illustrates the crime prediction interface, where users enter relevant input details. The system 

processes the input and generates predictions to analyze crime patterns and support law enforcement decision-

making. 

 

Fig 7:  Crime Prediction Result Page 

 Fig. 7 shows the crime prediction result page of the proposed system. The system analyzes input data 

using machine learning clustering techniques and categorizes crime trends into different clusters. In this 

example, the result indicates a moderate crime trend (Cluster 2) with a confidence level of 40%. The interface 

also provides options to return to the home page, perform a new prediction, or view previous results. 

Table 7: Crime Trend Prediction Results 

State/Region 
Crime 

Type 

Predicted 

Cluster 
Crime Level 

State A Theft 2 
Moderate Crime 

Trend 

State B Assault 5 
High Crime 

Trend 

State C 
Cyber 

Crime 
7 

Extreme Crime 

Hotspot 
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Viii. Discussion 

 This section discusses the practical implications of the proposed crime trend prediction system. It 

examines the system’s effectiveness, usability, and impact on modern law enforcement environments, 

particularly in supporting data-driven crime analysis and decision-making. 

A. Addressing Core Crime Analysis Challenges 

 The system overcomes the limitations of traditional crime reporting methods by analyzing multiple 

factors such as state-wise crime records, crime types, and historical trends instead of relying only on static 

reports. It applies machine learning techniques to generate accurate predictions, reduce manual analysis effort, 

and enable early identification of high-risk crime regions. 

B. Transparency and Interpretability 

 The system improves transparency by clearly displaying predicted crime clusters and trend categories 

such as low, moderate, high, and extreme crime zones. Visual tools such as graphs and heatmaps help law 

enforcement officials understand how different features influence crime patterns, thereby supporting better and 

more informed decision-making. 

C. Scalability and Integration 

 The system efficiently handles large crime datasets using models such as Random Forest and clustering 

algorithms like K-Means without significant performance degradation. Built using Flask, it can be easily 

integrated with web-based platforms and supports deployment in both local and cloud environments for real-

time crime prediction. 

D. Limitations and Challenges 

 The performance of the system depends on the quality, completeness, and consistency of the crime 

dataset. Biased or incomplete data may reduce prediction accuracy and reliability. Additionally, the system 

requires periodic retraining and computational resources to adapt to evolving crime patterns over time. 

E. Practical Considerations for Deployment 

 The system is intended to be used as a decision-support tool for law enforcement agencies rather than a 

replacement for human judgment. Proper data collection, preprocessing, and careful interpretation of results are 

essential for effective real-world deployment. 

F. Future Implications for Crime Analysis 

 The proposed system enables a shift toward intelligent and data-driven crime monitoring with proactive 

detection and prevention strategies. Future enhancements may include real-time surveillance integration, 

predictive alert systems, and improved ethical handling of sensitive crime data. 

Ix. Conclusion 

The study presents a data-driven framework for analyzing and predicting crime trends using machine learning 

techniques such as K-Means clustering, Random Forest, Logistic Regression, and Support Vector Machine 

(SVM).The system effectively identifies crime intensity levels and high-risk regions, improving prediction 

accuracy and supporting better decision-making for law enforcement agencies. 

 Future enhancements may include deep learning models to improve prediction accuracy and handle 

large-scale real-time crime datasets. Advanced techniques such as geospatial analysis, anomaly detection, and 

social media data mining can further improve system intelligence and responsiveness. Additionally, explainable 

AI and cloud-based deployment can enhance transparency, scalability, and real-time decision-making 

capabilities. 
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