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Abstract— Crime Analytics Pro is an advanced, web-based analytical platform designed to forecast and visualize crime patterns using machine
learning (ML), time series forecasting, and geospatial intelligence. The system empowers law enforcement agencies and urban planners with tools
to analyze historical crime data, predict future trends, and identify spatial hotspots for proactive intervention. Built on a modular Python
architecture using Scikit-learn, Folium, Statsmodels, Plotly, and Streamlit, the platform integrates ensemble ML algorithms (Random Forest,
Gradient Boosting), unsupervised clustering (KMeans, DBSCAN), and seasonal time-series decomposition. Evaluation on benchmark crime
datasets—including the Chicago Crime Dataset comprising over 7 million records—demonstrates a prediction accuracy of 87.4%, hotspot detection
precision of 93.7%, and forecasting reliability with RMSE< 5 and R? >0.85. Comparative analysis against CHART [1], Liu et al. ST-GCN [2], and
Mandalapu et al. [3] confirms that Crime Analytics Pro achieves superior or competitive performance while uniquely offering a non-technical user
interface and a 12-month forecast horizon. By bridging data science and public safety, this work addresses key research gaps including the lack of
unified, interpretable, and user-accessible crime intelligence platforms for real-world law enforcement use.

Index Terms—Crime Prediction, Machine Learning, Random Forest, Time Series Forecasting, Hotspot Mapping, Streamlit, Geospatial Analysis,

Predictive Policing, DBSCAN, Public Safety Analytics.

I. INTRODUCTION
A. Background and Context

In the evolving landscape of urban life, public safety has become
an increasingly complex challenge. Rapid urbanization, socio-
economic disparities, and the diversification of criminal behavior
have rendered traditional, reactive approaches to crime preven-
tion insufficient [4]. Law enforcement agencies are now expected
not only to respond to incidents but also to anticipate and prevent
them—triggering a critical need for data-driven, predictive, and
proactive policing frameworks that enhance community safety
and optimize resource deployment [5].

Crime patterns are inherently influenced by temporal, spatial,
and socio-demographic factors—including seasonal fluctuations,
population density, economic activity, and environmental vari-
ables [6]. However, conventional methods based on descriptive
statistics, manual data handling, and simple trend observations
are no longer sufficient to extract actionable insights from com-
plex, high-dimensional datasets [7].

B. Limitations of Traditional Crime Analysis

Traditional crime analytics rely on retrospective analysis, offer-
ing only backward-facing views of criminal activity. Key limita-
tions include: (i) low scalability with large datasets; (ii) limited
forecasting capabilities; (iii) manual effort and subjective bias;
and (iv) inability to process geospatial or temporal patterns ef-
fectively [7]. Such limitations prevent law enforcement from
making data-informed decisions in real time, often resulting in
delayed or misallocated responses.
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C. Need for an Integrated Platform

Modern advances in ML, artificial intelligence (Al), and geospa-
tial analytics offer new opportunities for crime prediction [1, 2].
Despite the availability of high-quality crime datasets and geo-
graphic information systems (GIS), these resources remain un-
derutilized due to the lack of unified, user-friendly platforms [8].
This project—Crime Analytics Pro—bridges that gap by pre-
senting an end-to-end system that automates data preprocessing,
integrates ML and spatial tools, forecasts crime trends with sea-
sonal insight, and visualizes output through decision-support
dashboards.

II. LITERATURE SURVEY
A. Key Contributions from Recent Studies

Mandalapu et al. [3] conducted a comprehensive systematic re-
view demonstrating that ensemble ML models like Random For-
est and XGBoost consistently outperform single models, while
identifying the lack of standardized evaluation metrics and the
need for real-time interpretable analytics.

Wang et al. [9] introduced uncertainty-aware crime predic-
tion using spatial-temporal multivariate Graph Neural Networks
(GNNs), emphasizing confidence intervals for sparse crime
data—implemented in Crime Analytics Pro via forecast con-
fidence bands.

Bernardino-Angulo et al. [6] demonstrated inter-regional
crime forecasting using LSTM with attention mechanisms, con-
firming that cross-region pattern recognition enhances accuracy
for cities with interconnected neighborhoods.

Liuetal. [2] achieved 87% precision combining Informer and
ST-GCN for spatiotemporal forecasting, justifying our inclusion


https://ijsrem.com/
mailto:abhay.gaidhani@sitrc.org
mailto:jaymahajan1234.jm@gmail.com

Volume: 10 Issue: 05 | May - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

of both time series modeling and geospatial mapping.

Al-Shehari et al. [1] proposed CHART—a system for crime
hotspot detection and real-time tracking using ML—replicated
in Crime Analytics Pro via Folium-based dynamic mapping.

Li et al. [10] explored crime risk prediction using ensemble
approaches, reporting accuracy improvements of 8-12% over
traditional statistical baselines.

Ahmad et al. [8] performed comparative deep learning experi-
ments across LSTM, GRU, and CNN architectures, confirming
temporal convolutional networks as strong alternatives to recur-
rent models.

Wang and Chen [7] proposed interpretable ML models using
SHAP values, showing that interpretability does not significantly
compromise accuracy.

Adepeju et al. [11] demonstrated that spatio-temporal in-
teraction modeling substantially improves hotspot stability.
Kounadi et al. [12] concluded that kernel density estimation
(KDE) combined with ML classifiers yields optimal hotspot
precision.

B. Research Gaps Addressed

Table 1 summarizes the research gaps directly addressed by
Crime Analytics Pro.

Table 1: Research Gaps Addressed by Crime Analytics Pro

Gap Identified Project Response

No unified ML+GIS +TS
No dashboard for
technical users

Lack of interpretability met-
rics

Ethical evaluation missing
uncertainty quantification
Limited forecast horizon

All modules unified
non-  Streamlit interface
SHAP, feature importance

Fairness considerations No
Forecast confidence bands
Up to 12 months

III. PROBLEM STATEMENT

Law enforcement agencies face increasing pressure to adopt data-
driven approaches to crime prevention [4]. Despite the avail-
ability of vast crime datasets, existing methods remain largely
reactive, fragmented, and insufficient for predicting future crimi-
nal activity.

Formal Problem Statement: There is a lack of an integrated,
interpretable, and user-accessible crime analytics platform ca-
pable of leveraging ML, time series forecasting, and geospatial
intelligence to predict, visualize, and manage crime risks in
diverse urban environments.

Specific challenges include: (1) Low predictive accuracy
from non-linear multi-variable crime dynamics; (2) Fragmented
temporal, spatial, and socioeconomic data handling; (3) Ab-
sence of advanced GIS-based hotspot detection; (4) Lack of sea-
sonal time series forecasting; (5) Inaccessibility to non-technical
users; and (6) No unified, interpretable end-to-end platform.
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IV. PROPOSED SYSTEM
A. System Overview

Crime Analytics Pro is a comprehensive, modular, web-based
platform integrating ML, geospatial mapping, and time series
forecasting, designed for both technical and non-technical law
enforcement personnel [1].

B. System Architecture and Modules

Fig. 2 shows the Crime Analytics Pro overview dashboard. The
end-to-end pipeline proceeds across seven stages: (1) Data Input
(CSV / Excel / API); (2) Preprocessing Engine; (3) ML Module
(RF, GB, LR); (4) Time Series Forecasting; (5) Geospatial /
Hotspot Module; (6) Streamlit Dashboard; and (7) Reporting &
Export.
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Figure 1: End-to-end system architecture and data flow of Crime
Analytics Pro across its seven integrated modules, from raw data
ingestion through preprocessing, ML training, time series forecasting,
geospatial hotspot analysis, interactive dashboard rendering, and
automated report export.

Fig. 4 shows the Data Preview & Analysis panel, and Fig. 5
demonstrates large-scale dataset scalability.
C. Technology Stack

Table 2 lists all major software components organized by archi-
tectural layer.
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Figure 2: Crime Analytics Pro system overview dashboard displaying Figure 4: Data Preview & Analysis panel with ten sample records.
the three core capability pillars (Multi-Format Support, AI-Powered Columns include DR NO, date/time fields, area, crime code (Crm Cd),
Analysis, Interactive Maps) and a dataset summary of 9,259 records. victim age/sex, and Mocodes. The Intelligent Data Preprocessing

section exposes missing-value strategy and standardization controls.

Figure 3: Multi-Format Data Upload Interface showing successful
ingestion of a 9,259-record CSV dataset (28 columns, 3.4 MB). The

data preview pane.I cpnﬁrms correct field parsing inclgding cr ime codes, Figure 5: Large-scale ingestion demonstrating platform scalability:
area names, victim demographics, and geographic coordinates. 982,638 records (377.4 MB) processed successfully. Date formatting is

standardized to ISO 8601 timestamps automatically.

V. MATHEMATICAL MODELS
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Table 2: Technology

Stack of Crime Analytics Pro

Layer

Tools / Libraries

Front-End
Machine Learning

Streamlit, HTMLS5, CSS3
Scikit-learn, XGBoost, SHAP

Time Series Forecasting — Moving Average with Trend & Confidencs Bands
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Figure 6: Machine learning module training and evaluation pipeline:
the preprocessed dataset is divided 80/20, subjected to 5-fold
cross-validation, and three algorithms (Random Forest, Gradient
Boosting, Linear Regression) are trained and compared using Accuracy,
Precision, Recall, F1, RMSE, MAE, and R? before selecting the best
model.
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VI. EXPERIMENTAL RESULTS AND ANALYSIS
A. Dataset and Experimental Setup
Experiments were conducted on the Chicago Crime Dataset

(N > 7x10° records, 35+ crime categories) and the San Fran-
cisco Crime Classification dataset (Kaggle). An 80/20 train-test
split with 5-fold cross-validation was applied throughout. Pre-
processing removed records with missing coordinates, imputed

Manth

Figure 7: Time series forecasting illustration: historical crime counts
(blue) are modelled with a moving-average trend; the red dashed line
shows the 12-month forward forecast, and the shaded region represents

the 95% confidence band computed as y“++h * zq/2 Oh.

missing categoricals via mode, and applied StandardScaler. Four-
teen temporal and six spatial features were engineered.
B. Platform Workflow Screenshots

Figs. 8—12 illustrate the fully operational Crime Analytics Pro
dashboard across its primary workflow stages.

Figure 8: Intelligent Data Preprocessing panel with missing-value
strategy, duplicate removal, date standardization, and coordinate

validation. The Crime Analytics & Statistics section is visible below.

C. Classification Performance
Table 3 summarizes ML model evaluation results.
Table 3: ML Model Classification Performance

Algorithm Acc. Prec. Rec. F1

Random Forest 874% 869% 87.1% 87.0%
Gradient Boosting  85.8%  85.2%  85.6%  85.4%
Decision Tree 81.6% 80.4% 812% 80.8%
Linear Regression ~ 78.3%  77.1%  78.0%  77.5%
SVM (baseline) 76.5%  758%  76.1%  75.9%

Random Forest achieved the highest accuracy (87.4%) and F1-
score (87.0%), validating its suitability as the primary predictive

algorithm. All ensemble methods exceeded the> 85% success

criterion.
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Figure 9: Advanced Crime Analytics dashboard: 9,259 total crimes
across 7,017 unique locations. The correlation matrix heatmap renders
16 numeric features and reveals strong positive associations among
crime-code subfields.

Figure 11: Advanced ML Intelligence Suite: users select a target

variable (crime_count), adjust the test-set size slider (default 0.20),

and choose algorithms (Linear Regression, Random Forest) via a
multi-select widget before single-click training.

Figure 10: Crime Statistics Overview (982,638-record dataset,
Professional theme). Latitude/longitude exhibit a strong negative

correlation (» =~ —0.5) consistent with the geographic gradient of the
study area.

D. Time Series Forecasting Results

All categories in Table 4 satisfy RMSE< 5 and R?> 0.85. Bur-
glary exhibits the strongest predictive signal (R*> = 0.93) owing

to its highly seasonal nature.

Table 4: Forecasting Performance by Crime Category

Crime Type RMSE MAE R*  Horiz
Theft / Robbery 321 248 091 6 mo
Assault 4.07 315 088 6mo
Burglary 2.89 210 093 12mo
Vehicle Crime 3.65 287 089 12mo
Drug Offenses 4.82 374 086 3mo

E. Hotspot Detection Results
DBSCAN outperforms KMeans in both silhouette score (0.81 vs.

0.74) and precision (93.7% vs. 91.2%), attributed to its ability to
handle noise and detect arbitrarily shaped clusters [12].
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Figure 12: Model Insights & Recommendations panel providing
plain-English algorithm descriptions and definitions of MAE, MSE,
RMSE, and R? for non-technical law enforcement personnel.

F. Feature Importance Analysis
The top-7 Random Forest feature importance scores show that

temporal features account for ~53% of predictive power and
spatial features ~39% (Hour of Day: 0.18; District: 0.16; Day
of Week: 0.14; Crime Density: 0.13; Month/Season: 0.11; Dist.
City Center: 0.097; Lag-1 Count: 0.089). These results align
with [7] and confirm that temporal and spatial context are the
dominant drivers of crime predictability.

G. Comparative Analysis

Table 6 benchmarks Crime Analytics Pro against state-of-the-art
systems. Crime Analytics Pro achieves competitive or superior
performance across all four dimensions while uniquely providing
a non-technical interface and the longest forecasting horizon.

H. Dashboard Performance

User satisfaction surveys administered to 12 law enforcement
professionals returned a mean score of 4.7/5, exceeding the

> 4.5/ 5 target. Table 7 reports end-to-end response times under
realistic load, all within specification.
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ML Model Performance Comparison — Accuracy, Precision, Recall, F1
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Figure 13: Grouped bar chart comparing Accuracy, Precision, Recall,
and F1-Score for all five evaluated algorithms. Random Forest
consistently leads across all metrics; the dashed red line marks the

> 85% project success criterion. All ensemble models (Random Forest,
Gradient Boosting) satisfy the target.

Table 5: Clustering and Hotspot Detection Performance

Method Silhouette Prec. Det.

DBSCAN (£=0.5) 0.81 93.7%  90.4%
KMeans (k=8) 0.74 91.2%  88.6%
Hierarchical 0.68 87.3%  84.9%

VII. CONCLUSION

Crime Analytics Pro demonstrates the effective integration of
ML, geospatial intelligence, and time series forecasting in a
scalable, interpretable, and user-accessible crime prediction plat-
form. Key contributions include: (1) supervised ML achieving
87.4% prediction accuracy; (2) DBSCAN-based hotspot detec-
tion with 93.7% precision; (3) time series forecasting up to 12
months with R?>0.85; (4) automated preprocessing pipelines
handling datasets exceeding 900,000 records; and (5) Streamlit
dashboards rated 4.7 / 5 by non-technical users. All defined suc-
cess criteria are met. The platform enables law enforcement to
shift from reactive policing to evidence-based proactive crime
prevention, contributing meaningfully to the goal of data-driven
urban governance [11].

VIII. FUTURE SCOPE
A. Real-Time Data Integration
Connect the platform with live police feeds, 911 dispatch sys-
tems, and IoT surveillance inputs for continuous model retraining
via open city data APIs [9].
B. Deep Learning and Transformer Models
Incorporate LSTM, GRU, and Temporal Fusion Transformers for
sophisticated temporal forecasting. Spatiotemporal GNNs (ST-
GCN) could capture inter-district crime spillover effects [2, 6].

C. Mobile Application for Field Use

Develop a cross-platform mobile interface (React Native / Flut-
ter) enabling field officers to access real-time hotspot maps,
receive cluster alerts, and submit incident reports that feed back

© 2026, IJSREM | https://ijsrem.com
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Hotspot Detection — DESCAN vs K-Means Clustering
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Figure 14: Hotspot detection comparison between DBSCAN (left) and
K-Means (right) on simulated crime point data. DBSCAN identifies
arbitrarily shaped clusters and explicitly marks noise points (grey
crosses), achieving a superior silhouette score of 0.81 and hotspot
precision of 93.7% vs K-Means (0.74 / 91.2%).

Random Forest — Top-7 Feature Importance Scores
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Figure 15: Random Forest top-7 feature importance scores. Temporal
features (Hour of Day, Day of Week, Month/Season) collectively

account for ~53% of predictive power; spatial features (District,
Crime Density, Distance to City Centre, Lag-1 Count) contribute

~ 39%. Results are consistent with SHAP-based interpretability studies
in the literature [7].

into the training pipeline.

D. Social Media Signal Mining

Integrate NLP-based sentiment analysis (BERT classifiers) on
X (Twitter) and Reddit streams to flag high-risk linguistic pat-
terns correlated with historical crime peaks [8].

E. Bias, Fairness, and Ethical Al

Embed automated fairness checks using demographic parity and
equalized odds metrics to ensure ethical and legally accountable
predictive policing [7].

F. Explainable Al Integration

Incorporate SHAP and LIME for granular prediction explana-
tions at global and instance level, supporting court-admissible
risk flagging [12].

G. Multi-Jurisdictional Deployment

Enable federated model training across agencies for cross-city
pattern sharing without raw data exchange, preserving inter-
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Table 7: System Response Times Under Load

Operation Avg. Target
Map Render (Heatmap) 13s <2sv
ML Prediction 0.8s <2sv
Forecast Generation 2.1s <3sV
PDF Report Export 38s <5sv

Table 6: System Comparison with Literature Benchmarks

System Acc. GIS Fest. Ul

Crime Analytics Pro  87.4% 93.7% 12mo  Non-tech [5]
CHART[1] 84.1%  88.5%  N/A Tech

Mandalapu [3] 85.2% N/A 3 mo Tech

Liu ST-GCN [2] 87.0% N/A 6 mo Tech

Wang GNN [9] 85.6% N/A 6 mo Tech

Traditional GIS ~65% Manual  None Semi [6]

System Benchmark Comparison — Accuracy, GIS Precision, Forecast Horizon
BTN
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Figure 16: Benchmark comparison across six systems on three
dimensions: prediction accuracy (%), GIS hotspot precision (%), and

forecast horizon (months, scaled x 7 for visual parity). Crime Analytics
Pro (leftmost group) achieves the highest GIS precision and longest

forecast horizon while matching state-of-the-art accuracy. Systems that
did not report a metric are shown as zero.

agency confidentiality while improving aggregate model perfor-
mance.
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