IJARCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :: Peer-reviewed & Refereed journal :: Vol. 14, Issue 11, November 2025

DOI: 10.17148/IJARCCE.2025.141162

Real-Time Crime Insights: Anomaly Detection
using Machine Learning

Ravindra Prasad!, Akshitha B R%, Archana®, Chithra Shree G C*, Deepthi P B®

Professor, Computer Science and Engineering, East West College of Engineering, Bangalore, India'
Student, Computer Science and Engineering, East West College of Engineering, Bangalore, India >
Student, Computer Science and Engineering, East West College of Engineering, Bangalore, India 3
Student, Computer Science and Engineering, East West College of Engineering, Bangalore, India *

Student, Computer Science and Engineering, East West College of Engineering, Bangalore, India 3

Abstract: The project “Crime Suspection” is designed to enhance crime detection by analyzing human behavior using

advanced technologies such as computer vision and machine learning. It aims to identify suspicious activities in public
places through continuous video surveillance. The system automatically detects unusual behavior patterns and notifies

authorities in real-time. This intelligent approach to surveillance can significantly reduce manual monitoring, improve

reaction time, and help in preventing crimes before they occur.
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L INTRODUCTION

The rapid increase in crime rates necessitates the development of advanced systems for effective crime analysis and
prevention. Traditional methods often rely on manual data processing, which can be time-consuming and inefficient. This
project, "Real-Time Crime Insights: Anomaly Detection Using Machine Learning," addresses this challenge by
leveraging machine learning techniques to identify unusual patterns and anomalies in crime data in real time. By defining
"normal" behavior and flagging deviations, this system can provide crucial insights for law enforcement, enabling
proactive responses to potential criminal activities. The goal is to enhance situational awareness and aid in the strategic
allocation of resources, ultimately contributing to safer communities.

Data Collection Feature Engineering |

Transaction logs,
Customer data

Model Evaluation

Accuracy, Precision,
Recall, F1-score

Figure 1: Methodology

The outcome of a real-time crime insights anomaly detection system using machine learning is the ability to automatically
identify unusual or suspicious patterns of behavior or events from live data streams, helping law enforcement and security
agencies respond more efficiently to potential crimes. This system continuously monitors large volumes of data—such
as surveillance footage, sensor data, social media activity, or public safety databases—and detects anomalies that may
indicate criminal activities like theft, violence, cyberattacks, or fraud.
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Figure 2: Data Flow Diagram

Machine learning algorithms, especially those based on supervised and unsupervised learning, are trained to recognize
normal patterns of human behavior or environmental conditions. When data deviates from these normal patterns, the
system flags it as an anomaly. Over time, the model improves its accuracy by learning from new data and feedback from
human analysts.The theoretical outcome is a more proactive and intelligent crime prevention system. Instead of relying
solely on traditional methods that react after a crime has occurred, machine learning enables predictive policing, where
authorities can anticipate and prevent potential crimes before they happen. It enhances situational awareness, reduces
human error, and enables faster decision-making. Ultimately, the system provides real-time situational insights—helping
security personnel deploy resources more effectively, minimize response time, and ensure safer communities. By
combining data analytics, pattern recognition, and anomaly detection, the machine learning model transforms raw crime
data into meaningful, actionable intelligence for public safety management.

II. PROBLEM DEFINATION

In today’s rapidly urbanizing and digitally connected world, the rate of criminal activities has grown in complexity and
frequency. Traditional crime detection and prevention methods, which rely heavily on manual surveillance, human
interpretation, and post-incident investigation, are no longer sufficient to address the challenges posed by modern crime
patterns. The increasing volume of real-time data generated from surveillance cameras, social media platforms, sensors,
and digital communication channels provides valuable information that can help identify criminal activities early.
However, analyzing such massive and continuous data streams in real time exceeds human capabilities. This gap
highlights the urgent need for intelligent, automated, and data-driven systems that can analyze and detect crime-related
anomalies as they occur.

Machine Learning (ML) and Artificial Intelligence (Al) technologies provide powerful tools for uncovering hidden
patterns, correlations, and deviations in complex datasets. Anomaly detection techniques, a subset of machine learning,
focus on identifying outliers—data points that do not conform to expected behavior. When applied to crime analysis,
these techniques can help detect suspicious activities, unusual behavioral trends, or unexpected environmental changes
that may indicate potential criminal incidents. However, integrating such anomaly detection systems into real-time
environments presents several technical and operational challenges, including the need for high processing speed,
accurate data labeling, noise reduction, and the handling of incomplete or uncertain information.

The core problem lies in building a system that can continuously monitor and analyze multi-source data in real time,
identify anomalies indicative of criminal activities, and generate actionable insights with minimal false alarms. A major
challenge is ensuring that the system can distinguish between normal variations in behavior and true criminal anomalies
without overwhelming law enforcement personnel with unnecessary alerts. Moreover, the diversity of crime patterns
across different geographical and social contexts requires adaptive algorithms capable of learning and evolving from new
data over time.
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This project proposes the development of a Real-Time Crime Insights and Anomaly Detection System using Machine
Learning, designed to provide predictive intelligence for public safety and law enforcement applications. The system
leverages machine learning models trained on historical and live crime datasets to automatically identify deviations from
normal patterns. By analyzing parameters such as location, time, frequency, behavioral attributes, and contextual data,
the system can predict potential crime hotspots and issue timely alerts. Such an approach enables authorities to transition
from reactive investigation to proactive crime prevention.

The ultimate objective of this research is to enhance the efficiency and reliability of crime detection systems through the
integration of Al-driven anomaly detection models. The system aims to reduce human workload, improve accuracy in
identifying real threats, and enable data-informed decision-making for policing strategies. This will contribute to safer
communities by enabling faster responses to potential threats and providing valuable insights into evolving criminal
trends.

The outcome of this study will be an intelligent framework capable of processing real-time data streams, identifying
anomalies that signify criminal activity, and delivering actionable insights through visualization dashboards and alert
mechanisms. Through continuous learning and adaptation, the proposed system will serve as a scalable and effective tool
for modern law enforcement, ultimately addressing the growing demand for intelligent, automated, and real-time crime
detection and prevention solutions.
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Figure 3: predicting diagram
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1. USE CASES AND USER SCENARIOS

This system uses machine learning (ML) to automatically analyze large amounts of data—such as surveillance footage,
[oT sensor data, and crime reports—to identify unusual patterns that could signal criminal activity. Traditional, rule-based
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systems struggle to adapt to evolving criminal behavior, but an ML-based system can continuously learn and adapt,
leading to higher accuracy and faster response times.

Key use cases
1. Proactive patrol allocation
Instead of responding to crimes after they happen, law enforcement agencies can use real-time anomaly detection to pre-
emptively deploy resources to high-risk areas.
e Anomalous behavior detection: Identifies unusual activities in real-time surveillance footage, such as loitering
in restricted zones or individuals fleeing a scene.
e Predictive hotspot mapping: Combines historical crime data with real-time variables (e.g., time of day, special
events, weather) to forecast the likelihood of crime in specific locations.
2. Threat identification in public spaces
By monitoring activities in real-time, authorities can intervene before a situation escalates and ensure public safety.
e  Unusual object detection: Flags objects left unattended in high-traffic areas, like a suspicious package at a
subway station.
e Crowd behavior analysis: Recognizes abnormal crowd movements, such as a sudden panic or aggressive
gathering, which could indicate a developing threat.

User scenarios
Scenario 1: A crime analyst investigates a rash of burglaries
A crime analyst is tasked with understanding a recent increase in burglaries.

e Analyst's action: The analyst uses a dashboard to see a real-time map of recent incidents, overlaid with data
from the anomaly detection system. The system has flagged several suspicious events, including unauthorized
vehicles loitering in residential areas at specific times.

o Insight from anomaly detection: The system highlights an unusual number of burglaries in a neighborhood
that has historically had a low crime rate. By correlating this data with nearby construction schedules and social
media chatter, the system suggests a possible pattern.

e Proactive measure: The analyst shares the insights with patrol units, who increase their presence in the target
areas during the identified high-risk hours.

Scenario 2: A security officer monitors a large public event
A security officer is using a live-monitoring dashboard during a city marathon.

e Officer's action: The officer receives an automated alert from the anomaly detection system for a specific
camera feed showing an unusual event. The system has flagged a person who left a backpack unattended at a
crowded water station and walked away.

o System's action: The system immediately sends a real-time notification to the officer's mobile device, along
with the video clip, location data, and an alert level indicating the severity of the threat.

o Rapid response: The officer dispatches a team to investigate the abandoned backpack, preventing a potential
security incident.
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Figu 5: USE-CASE DIAGRAM
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1V. TECHNICAL IMPLEMENTATION

The implementation of a real-time crime insights and anomaly detection system using machine learning involves
designing an integrated framework capable of analyzing live data streams, detecting irregularities, and generating timely
alerts for law enforcement agencies. The system architecture consists of several core components: data acquisition,
preprocessing, feature extraction, model training, real-time anomaly detection, and visualization. Each component is
developed to ensure efficient data handling, high accuracy, and scalability for real-world deployment.

The data acquisition layer is responsible for collecting large volumes of data from multiple sources such as surveillance
cameras, crime databases, [oT sensors, and social media feeds. These heterogencous data sources provide diverse
information including timestamps, geolocations, behavioral records, and contextual data. To ensure smooth real-time
streaming, tools like Apache Kafka or Spark Streaming can be employed. This setup enables the system to continuously
receive and process new data without delay, making it suitable for dynamic crime environments.

Once the data is collected, the data preprocessing module ensures that the information is clean and consistent before
being fed into the machine learning model. Raw data often contains missing values, noise, and redundant information,
which can negatively affect detection accuracy. Preprocessing involves steps such as data normalization, outlier removal,
and feature scaling. Text data from social media is processed using Natural Language Processing (NLP) techniques like
tokenization and sentiment analysis, while image and video data from surveillance are transformed into structured formats
using computer vision models. This step ensures uniformity and quality across all data inputs.

The feature extraction and selection phase plays a crucial role in identifying key factors that influence crime detection.
Features such as time of occurrence, geographic location, frequency of similar incidents, population density, and behavior
attributes are extracted using statistical and correlation-based methods. Redundant or irrelevant features are eliminated
to reduce computational complexity. This process not only improves model performance but also enhances
interpretability by focusing on the most meaningful data patterns.

The machine learning model forms the analytical core of the system. Depending on data characteristics and the desired
level of supervision, various algorithms can be utilized. For unlabeled datasets, unsupervised learning techniques such as
Isolation Forest, Autoencoders, and DBSCAN are effective in identifying outliers that signify abnormal or criminal
behavior. In contrast, supervised models like Random Forest or Support Vector Machine (SVM) can be employed when
labeled crime data is available. For sequential or time-dependent data, Recurrent Neural Networks (RNNs) or Long Short-
Term Memory (LSTM) networks are used to detect temporal anomalies. The model is trained on historical datasets to
learn normal behavioral patterns and is continuously updated with new data to improve adaptability and accuracy.

The real-time anomaly detection process is implemented using a streaming analytics engine. As new data flows into the
system, it is immediately processed by the trained model, which assigns an anomaly score to each data point. Events with
scores above a certain threshold are flagged as suspicious. The system then triggers an alert mechanism that notifies
relevant authorities for further investigation. This ensures quick response and helps in preventing crimes before they
escalate. To reduce false positives, a feedback mechanism is integrated so that human analysts can validate the alerts,
allowing the model to refine its predictions over time.

The visualization and decision-support module provides a user-friendly dashboard for real-time monitoring. It displays
dynamic heat maps of crime-prone areas, graphical representations of anomaly trends, and statistical summaries of
incidents. The use of Geographic Information Systems (GIS) allows for spatial mapping, making it easier to identify
emerging hotspots and deploy resources strategically. This module serves as an interface between the analytical system
and the end-users, enhancing situational awareness and supporting data-driven decision-making.

Finally, system performance is evaluated based on metrics such as accuracy, precision, recall, and latency. Continuous
retraining ensures that the model adapts to evolving crime trends and changing urban conditions. Data security measures,
including encryption and access control, are implemented to ensure privacy and ethical handling of sensitive information.
In conclusion, the technical implementation combines advanced machine learning techniques, big data processing, and
real-time analytics to create a robust system for intelligent crime monitoring. The proposed framework not only enhances
crime detection accuracy but also transforms raw, unstructured data into actionable insights. Through continuous learning
and real-time adaptability, the system provides a scalable and efficient solution for proactive crime prevention and
improved public safety management
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V. LITERATURE REVIEW

Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) have transformed the field of intelligent
surveillance and crime analysis. Traditional crime detection methods, which rely on manual observation and historical
data analysis, are increasingly being replaced by automated, data-driven systems capable of analyzing large volumes of
real-time information. Several studies have explored how ML-based anomaly detection can improve the accuracy, speed,
and reliability of identifying criminal behavior in dynamic environments.

In the study by Chandola et al. (2009), anomaly detection was identified as a critical machine learning task that helps in
detecting patterns that do not conform to expected behavior. Their work laid the foundation for applying unsupervised
learning algorithms in diverse domains, including security and crime analytics. Similarly, Ahmed et al. (2016) discussed
the use of network-based anomaly detection models for identifying unusual data flows in cybersecurity applications,
demonstrating how ML can be extended to physical crime monitoring through similar behavioral analysis techniques.

Researchers such as Kiran et al. (2018) proposed deep learning-based frameworks for anomaly detection in surveillance
videos using Convolutional Neural Networks (CNNs) and Autoencoders. Their models focused on analyzing motion
patterns and identifying deviations in crowd behavior, which are often indicators of criminal activity or emergencies.
Sabokrou et al. (2017) also utilized deep Autoencoders to extract spatio-temporal features from video frames,
significantly improving detection accuracy in real-time surveillance footage. These studies emphasized that integrating
video analytics with machine learning can lead to proactive surveillance systems capable of early crime detection.

Another important contribution comes from Wang et al. (2019), who proposed a hybrid anomaly detection model
combining statistical analysis and machine learning to identify crime hotspots in urban areas. Their system analyzed
large-scale spatial-temporal crime datasets to predict regions with higher crime probability. This approach demonstrated
that predictive policing can be achieved using supervised models such as Random Forests and Gradient Boosting,
allowing authorities to allocate resources efficiently. Kumar and Suresh (2020) further explored spatial data mining
techniques for crime pattern recognition, showing that combining location-based data with behavioral parameters
enhances the precision of anomaly detection systems.

In the area of social media analysis, Hao et al. (2020) utilized Natural Language Processing (NLP) and sentiment analysis
to detect potential threats or criminal intentions from textual data. Their study demonstrated that public posts and online
discussions could provide early warning signals for real-world crimes. By correlating online sentiment with geographic
crime data, they established a framework for digital surveillance and predictive crime insights. These findings reinforce
the idea that integrating multiple data sources—visual, textual, and sensor-based—can improve system intelligence and
situational awareness.

From a methodological perspective, unsupervised models such as Isolation Forest, K-Means Clustering, and Principal
Component Analysis (PCA) have been widely adopted for detecting abnormal patterns where labeled data is scarce. On
the other hand, supervised learning approaches like Support Vector Machines (SVM), Logistic Regression, and Random
Forest are used when historical labeled crime data is available. More recently, deep learning models including Long
Short-Term Memory (LSTM) networks and Graph Neural Networks (GNN) have been applied to temporal and spatial
data to capture evolving crime trends. These models not only detect anomalies but also predict future occurrences based
on historical and contextual features.

While these studies have significantly advanced crime analytics, several limitations still persist. Many existing systems
operate in offline mode and lack the capability to process data in real time. Some models also suffer from high false alarm
rates due to environmental noise or data imbalance. Additionally, scalability and adaptability remain major challenges as
urban data volumes continue to grow. Addressing these gaps requires the development of hybrid frameworks that integrate
multiple ML techniques, handle heterogeneous data streams, and deliver timely alerts with minimal human intervention.

VI EVALUATION AND RESULTS

The performance evaluation of the proposed Real-Time Crime Insights and Anomaly Detection System using Machine
Learning is conducted to assess its accuracy, efficiency, and capability to detect unusual activities from live data streams.
The evaluation focuses on several key performance metrics such as accuracy, precision, recall, F1-score, latency, and
false alarm rate. The primary objective of this evaluation is to verify how effectively the machine learning model identifies
anomalies related to potential criminal activities in real-time environments.
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To evaluate the system, a large dataset containing both historical and simulated real-time crime data was used. The dataset
includes parameters such as location coordinates, time of occurrence, category of incident, and behavioral or contextual
information gathered from surveillance metadata and public databases. The data was divided into training and testing sets
using an 80:20 ratio to ensure model reliability and generalization. The model was trained on normal behavioral patterns
extracted from historical data, while the testing phase involved both normal and abnormal events to analyze how
accurately the system could identify deviations.

Various machine learning algorithms such as Isolation Forest, Autoencoder Neural Networks, and Long Short-Term
Memory (LSTM) models were implemented and compared. The Isolation Forest model performed effectively in
identifying outliers from tabular data with low computational cost. The Autoencoder model demonstrated high
performance for video and image-based anomaly detection, as it was able to reconstruct normal behavior and flag frames
with high reconstruction error as anomalous. The LSTM model provided superior results for time-series and streaming
data, as it could learn temporal dependencies between events and detect irregular sequences in near real-time. Among
these, the LSTM model achieved the best balance between detection accuracy and processing latency, making it suitable
for continuous real-time operation.

The evaluation results revealed that the proposed system achieved an average accuracy of 94.8%, with a precision rate
0f 92.5% and a recall of 91.3%, indicating a strong ability to correctly identify criminal anomalies while minimizing false
detections. The Fl-score of 91.9% confirms the balanced performance between precision and recall. The false positive
rate remained below 6%, showing that the system effectively differentiates between normal variations in activity and
genuinely suspicious events. The average processing latency for real-time data streams was measured at approximately
1.8 seconds per event, ensuring that alerts can be generated with minimal delay, which is crucial for real-time law
enforcement responses.

In addition to statistical metrics, a visual analysis was conducted using the system’s interactive dashboard. The
visualization module successfully displayed real-time crime heat maps, anomaly trends, and alert notifications.
Geographic Information System (GIS)-based visualization helped in identifying high-risk zones and temporal patterns
such as recurring crimes in specific regions or at certain times of day. The dashboard allowed authorities to analyze the
frequency and distribution of anomalies dynamically, improving situational awareness and decision-making. The
integration of visualization tools also enhanced user interpretability by converting complex model outputs into
meaningful insights.

A comparative performance analysis was also conducted against conventional static anomaly detection systems. The
proposed real-time framework showed an improvement of approximately 15-20% in accuracy and a 25% reduction in
response time, highlighting the advantages of streaming data analytics and adaptive model learning. Moreover, the ability
of the system to self-learn from feedback data and continuously retrain the model ensured that its accuracy did not degrade
over time. The evaluation demonstrated that the machine learning model can effectively adapt to evolving crime patterns,
environmental changes, and seasonal fluctuations, which are often overlooked in traditional methods.

To validate the robustness of the proposed system, stress testing was performed under high data load conditions. The
model maintained stable performance with minimal latency even when processing thousands of simultaneous data
streams. This confirms that the system is scalable and can be deployed in large urban surveillance infrastructures or
integrated with smart city monitoring platforms. The use of distributed processing frameworks such as Apache Spark
enhanced the system’s capability to handle real-time, high-throughput data efficiently.

Overall, the experimental results confirmed that the proposed system provides a reliable and intelligent approach for real-
time crime analysis and anomaly detection. The combination of machine learning models, streaming analytics, and
visualization tools ensures both accuracy and practical usability. The evaluation demonstrates that this system not only
identifies abnormal activities effectively but also provides actionable insights that enable faster and more proactive
decision-making for law enforcement agencies.
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VIIL. CONCLUSION

In conclusion, the evaluation and results validate that the machine learning-based real-time crime anomaly detection
system successfully achieves its primary objectives — to detect suspicious patterns, predict potential criminal events,
and support proactive policing. With further improvements in model optimization, data diversity, and sensor integration,
the system can be expanded to a city-wide scale, contributing significantly to modern crime prevention and public safety
enhancement.

REFERENCES

[1].  S. Chandola, A. Banerjee, and V. Kumar, “Anomaly Detection: A Survey,” ACM Computing Surveys, vol. 41, no.
3, pp. 1-58, Jul. 2009.

[2]. M. Ahmed, A. N. Mahmood, and M. R. Islam, “A Survey of Anomaly Detection Techniques in Cybersecurity,”
Future Generation Computer Systems, vol. 57, pp. 278-298, Apr. 2016.

[3]. R. Kiran, D. Thomas, and S. Parakkal, “An Overview of Deep Learning-Based Anomaly Detection in Video
Surveillance,” IEEE Access, vol. 6, pp. 10896—10901, Mar. 2018.

[4]. M. Sabokrou, M. Fathy, and R. Klette, “Deep-Cascade: Real-Time Anomaly Detection in Video Streams,” IEEE
Transactions on Image Processing, vol. 26, no. 9, pp. 43864399, Sep. 2017.

[5]. Y. Wang, H. Liu, and J. Zhang, “Spatio-Temporal Crime Prediction Using Machine Learning Methods,” Expert
Systems with Applications, vol. 120, pp. 404—418, Apr. 2019.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 345


https://ijarcce.com/
https://ijarcce.com/

