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ABSTRACT 
Personal safety applications today mostly respond after an incident occurs, which limits their ability to prevent harm. In this work, 

we develop a proactive safety-risk prediction system that estimates how dangerous a location may become in the near future. The 

system combines sequential deep-learning models with boosted decision-tree techniques to understand how local crime risk evolves 

over time and space. Historical crime records, temporal patterns, nearby points of interest, and environmental context are merged 

into structured spatio-temporal data grids. The proposed approach uses an LSTM network to learn short-term temporal changes 

in risk at the grid-cell level, while an XGBoost model evaluates spatial and contextual factors to produce interpretable risk scores. 

An Isolation Forest module is used alongside these models to detect sudden, unusual conditions that may indicate unsafe situations. 

The outputs of all three models are merged into a unified risk score that updates continuously and highlights emerging danger 

zones. When the score crosses certain thresholds, the system can issue early warnings, suggest safer travel routes, or escalate alerts 

if needed. The system is evaluated on real crime datasets using spatio-temporal cross-validation, and performance is measured 

using metrics suited for imbalanced data such as AUC, Precision@K, and F1-score. Results demonstrate that the system can 

provide meaningful early-risk signals while maintaining transparency and privacy-aware processing. 

Keywords: Spatio-Temporal Modeling, Behavioural Modeling, Anomaly Detection, Deep Learning, LSTM, RNN, XGBoost, Crime 

Prediction, Safety Analytics, Hyperparameter Optimization, Multimodal Data Integration, Data Preprocessing Automation, 

Predictive Analytics. 

INTRODUCTION 
Urban safety has become a major public concern in rapidly growing cities, especially with rising population density, expanding 

transport networks, and unpredictable human movement. Traditional public-safety systems, including helplines, police patrols, CCTV 

networks, and emergency reporting applications, usually come into action only after an incident has taken place. Although these 

reactive systems have saved countless lives, they still leave a significant gap: they do not forecast risks early enough to help people 

avoid dangerous situations in the first place. As a result, individuals remain vulnerable to sudden and unexpected threats such as assault, 

robbery, harassment, or other local disturbances. With the increasing availability of digital data and advances in machine learning, 

there is now an opportunity to rethink how safety assistance can be delivered. 

In recent years, personal safety applications have become popular, offering quick alerts, emergency communication options, and live 

location tracking. However, most of these platforms depend entirely on post-incident user reporting or SOS activation. This behaviour 

creates a very limited prevention window, as the user is often already in danger when help is requested. A more proactive and predictive 

approach is needed—one that identifies emerging threats in advance, understands changing local conditions, and informs users before 

risk escalates. A city-level prediction system based on spatial and temporal patterns can potentially transform safety from a reactive 

concept to a preventative capability. 

At the same time, modern urban environments produce massive amounts of data that can provide insights into safety-related 

behaviour. These include historical crime logs, timestamps, seasonal patterns, geographical features, proximity to essential public 

resources, crowd flow characteristics, and even environmental cues. Crime, and unsafe behaviour in general, often follows recurring 

patterns based on time of day, weekday versus weekend shifts, festival periods, and neighbourhood geography. This highlights the 

importance of capturing temporal repetitions while also understanding geographical influences. Classical statistical approaches, even 

though valuable, often struggle to model such multi-dimensional interaction effects. This motivates the use of specialized machine-

learning techniques that can encode temporal behaviour and spatial dynamics in a unified process. 
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Deep learning and gradient-boosted decision-trees have shown promising results across different prediction domains in both temporal 

forecasting and risk evaluation. Long Short-Term Memory (LSTM) networks, in particular, are well suited for modelling sequential 

relationships because they retain information over time and identify recurring behaviour that unfolds gradually. Meanwhile, XGBoost 

has become widely used in structured data scenarios due to its strong predictive ability, explainability, and robustness to noise. 

However, using either of these approaches alone is insufficient for proactive safety applications. LSTM captures temporal structure 

but lacks clear interpretability of spatial factors. XGBoost handles spatial characteristics well but does not directly learn sequential 

patterns. Moreover, in real cities, sudden unpredictable disturbances occur—events that neither temporal history nor spatial context 

may reveal. Therefore, a third mechanism is required to detect anomalies that break usual patterns. 

This paper proposes a unified system that integrates three complementary models to predict short-term urban safety risk. The system 

combines an LSTM-based temporal forecasting model, an XGBoost model focused on spatial and contextual analysis, and an Isolation 

Forest anomaly-detection module. By bringing these components together, the goal is to estimate how risky a specific locality is likely 

to become in the near future, rather than only identifying past trends. All three outputs are then merged into a single composite score 

that updates continuously and reflects danger levels in real time. A threshold-based strategy enables the system to increase the 

sensitivity of alerts whenever the data exhibits unusual or concerning shifts. The final output highlights emerging hotspots 

dynamically, providing sufficient lead time for preventative action. 

In developing this system, the input data is organized into structured spatio-temporal grids that allow each region in the city to be 

evaluated over a consistent time frame. The model pipeline processes incident records, temporal signals, location-based characteristics, 

and contextual metadata such as proximity to public services and high-activity areas. The system is intentionally designed to prioritize 

interpretability so that its decisions can be understood by city-level safety agencies, law-enforcement teams, and regular users. The 

approach balances prediction accuracy, transparent decision logic, and privacy-aware handling of sensitive information. Importantly, 

the focus remains on identifying risk patterns—not individuals—to ensure responsible deployment. 

This work contributes in three primary ways. First, it presents a novel multi-model approach tailored specifically for proactive safety 

forecasting, rather than passive incident tracking. Second, it integrates spatio-temporal data across multiple sources to model city-

level risk behaviour at a granular scale. Third, it evaluates the models using methods suited for class imbalance and real-world 

deployment, including AUC, Precision@K, and F1-score under spatio-temporal cross-validation. These evaluation techniques ensure 

the system is measured based on its ability to correctly identify risk early, instead of simply classifying past events after they occur. 

The broader vision of this research is to support safer cities where people can make informed decisions by understanding potential 

risks in advance. Whether the goal is to avoid unsafe roads, find a safer route at night, identify high-risk gatherings, or assist police 

planning, proactive prediction tools can help reduce uncertainty and prevent escalation. This research demonstrates that combining 

deep temporal understanding with spatial intelligence and anomaly awareness offers a reliable foundation for achieving proactive 

urban safety. 

LITERATURE REVIEW 
Urban crime prediction research relies heavily on large, publicly accessible datasets that record criminal incidents in fine temporal and 

spatial detail. Many cities provide open crime records, often updated daily, which serve as the foundation for forecasting models. Cities 

such as Chicago, Philadelphia, San Francisco, Los Angeles, and Montreal offer detailed logs that include crime type, location, and 

time. Studies frequently work with millions of records, sometimes aggregated into spatial grids to capture geographic variation. In 

addition to past crime incidents, researchers integrate contextual and environmental data such as points of interest (restaurants, bars, 

parks, transit stations), taxi mobility flows, weather records, and demographic indicators. These supplementary features help models 

capture relationships between urban activities and criminal events. Calendar indicators—such as hour of day, day of week, holidays, 

and seasonal markers—are also widely incorporated to reflect temporal cycles in crime. 
A major methodological direction involves sequence-based deep learning models, particularly Long Short-Term Memory (LSTM) 

networks. LSTMs are designed to learn from sequential data and capture long-term temporal dependencies. In crime forecasting, these 

models ingest sequences of historical incident counts or risk scores across spatial units and predict future values. Many comparative 

studies show that LSTMs outperform simpler recurrent networks or traditional machine learning models in time-series forecasting of 

crime patterns. They are especially effective in modeling fine-grained temporal fluctuations over hours, days, or weeks. Extensions 

of LSTM, such as LSTM combined with convolutional networks or graph-based architectures, further improve performance by 

incorporating spatial correlations between neighborhoods. However, LSTMs can be computationally expensive, sensitive to data 

sparsity, and prone to overfitting when records are noisy or inconsistent, leading some studies to enhance them with attention layers, 

convolutional blocks, or data preprocessing strategies (e.g., binning or normalization). 

Tree-based ensemble algorithms represent the other major path in crime prediction, with XGBoost being the most prominent example. 

XGBoost performs especially well in classification tasks, such as hotspot identification or crime-type prediction, where rich feature 

sets can be engineered from contextual data. Across multiple studies, XGBoost has achieved very high accuracy and F1-scores in 

identifying high-crime areas or predicting specific crime categories. The algorithm also performs strongly in certain regression settings 

when crime is modeled as continuous intensity rather than a class label. Compared to deep learning models, XGBoost is typically 

faster to train, easier to tune on modest datasets, and more robust with limited data. However, its main limitation is the lack of inherent 

sequence modeling capabilities: unless time-dependent patterns are explicitly engineered into features, XGBoost struggles to capture 

temporal dynamics. As a result, it often performs worse than LSTM-based architectures in long-term or high-resolution forecasting 

tasks. 

Feature engineering plays a central role across both modeling strategies. Cities are commonly divided into fixed spatial grids ranging 

from a few hundred meters to several kilometers, or into predefined administrative zones such as police beats. Historical crime counts 

per grid cell serve as the core predictive feature. Researchers also incorporate spatial context using POI densities, road network 

proximity, and accessibility to parks or transit stations. Temporal engineering includes encoding weekday/weekend behavior, holiday 

effects, and seasonal cycles. Weather conditions and mobility patterns are increasingly included to reflect environmental and social 

factors that drive crime. Some studies also discretize crime counts into bins to improve model stability and reduce sensitivity to 

extreme values. 
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Evaluation varies depending on whether the task is classification or forecasting. Classification studies typically report accuracy, 

precision, recall, F1-score, and AUC-ROC. Regression and time-series studies rely on metrics such as Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). For hotspot 

forecasting, more specialized metrics are also used, such as hit rate, Predictive Accuracy Index (PAI), or Precision@K. 

Overall, the literature highlights distinct strengths and limitations in LSTM-based and XGBoost-based modeling strategies. LSTMs—

and hybrid models combining LSTM with spatial modules—excel in capturing temporal fluctuations and spatial-temporal 

dependencies, often producing lower errors in daily or hourly forecasting tasks. Tree-based models like XGBoost, on the other hand, 

provide strong performance in classification settings and serve as fast, reliable baselines when extensive feature engineering is 

possible. Increasingly, researchers propose hybrid systems that combine the efficiency of XGBoost with the temporal sensitivity of 

LSTM, seeking to leverage the advantages of both. 

DATA DESCRIPTION 
The dataset used in this study focuses on crime occurrences within the city of Bhopal, India. The primary crime records were sourced 

from publicly available datasets on Kaggle, specifically curated for the “Indian Crime” domain. The time period covered spans from 

2020 to 2024, allowing us to analyze recent and evolving crime trends across the city. 
Initially, the collected dataset consisted of  

2,239 entries. Out of these, 239 were real crime records, while the remaining 2,000 entries were synthetically generated in order to 

enhance data diversity, balance locality-level entries, and support better model learning. Each entry in the raw dataset contained the 

following fundamental attributes: timestamp, city, locality, latitude, longitude, and a short crime description. 

For the modeling objective, we focused on twenty major crime types that are prevalent across Indian urban regions—such as theft, 

robbery, snatching, murder, assault, kidnapping, cybercrime, drug-related offences, arson, vandalism, and domestic violence. The 

intention behind selecting a wide spectrum of crimes was to capture broader behavioural patterns and avoid narrow event-specific 

bias. 

Instead of dividing the city into uniform spatial grids, the dataset was structured locality-wise. Ten major localities across Bhopal 

were identified, each with its own latitude-longitude signature. These included TT Nagar, MP Nagar, Bairagarh, Piplani, Govindpura, 

Ayodhya Nagar, Ashoka Garden, Jahangirabad, Chhola Road and Peer Gate. This locality-based partitioning allowed the system to 

learn area-specific contextual differences while keeping the spatial mapping intuitive. 

Temporally, the data was aggregated at the daily level, enabling short-term temporal trend modeling. Each entry contained a 

timestamp which allowed us to generate additional time-based descriptors. 

To strengthen model performance beyond raw counts, a comprehensive feature engineering process was followed. Additional 

contextual variables included: POI counts (police stations, hospitals, ATMs, parks, major roads), proximity indicators (e.g., distance 

to nearest police station or public facility), temporal variables (year, month, day, hour, weekday, weekend flag, season), cyclic 

encodings (hour_sin/hour_cos, month_sin/month_cos), smoothed crime frequency (3-day rolling average), crime-type diversity 

metrics, local monthly incident ratios, and crime variability scores. 

A composite “proximity score” and its inverse were also added to quantify structural accessibility. 

Following cleaning, outlier removal, and alignment of feature windows, a final refined dataset of 764 records remained for training 

and evaluation. This final configuration represents the integrated spatio-temporal dataset used across all three modeling stages: LSTM 

forecasting, XGBoost classification, and Isolation Forest anomaly detection. 

 
Figure 1. Data Processing Pipeline 
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Figure 2. Sample Spatio-Temporal Input Data 

METHODOLOGY 
This section describes the complete methodological pipeline adopted for developing the proposed urban crime-risk prediction and 

anomaly-aware safety intelligence model. The methodology integrates (i) a spatially grounded locality-based architecture, (ii) multi-

stage feature engineering, (iii) three distinct machine-learning components—LSTM, XGBoost, and Isolation Forest, and (iv) a 

weighted ensemble strategy that produces a unified and interpretable risk score. All preprocessing, model training, validation, and 

inference stages were implemented in Python using standard machine-learning libraries. 

System Architecture 

The system follows a modular and hierarchical architecture designed to accommodate heterogeneous data streams—historical crime 

incidents, synthetic locality-level augmentations, spatio-temporal mobility features, and POI-derived contextual variables. The overall 

pipeline consists of four major stages: (1) Data Acquisition and Cleaning, (2) Feature Engineering, (3) Model-specific Processing and 

Training, and (4) Ensemble-based Decision Layer. 

 
Figure 3. System Architecture 

Data Flow and Processing Overview 

Data Acquisition: Raw crime incident records were sourced from existing public datasets and further enriched with ~2000 synthetic 

locality-specific crime samples to address data sparsity. Auxiliary spatial layers were obtained from OpenStreetMap (OSM) including 

police stations, hospitals, parks, ATMs, and major road networks. 

Preprocessing: Time-stamps were standardized; locality names were normalized; missing and duplicate records were removed using 

rule-based filters. Each record was geocoded and mapped to one of the ten predefined localities of Bhopal (TT Nagar, MP Nagar, 

Bairagarh, Piplani, Govindpura, Ayodhya Nagar, Ashoka Garden, Jahangirabad, Chhola Road, Peer Gate). 

Locality-Level Aggregation: Data were aggregated at a daily temporal granularity to reflect operationally meaningful monitoring 

intervals. For facilitating temporal sequence modeling, a smoothed target variable was computed using a 3-day rolling average. 

Model-Specific Data Structures: 

i. The LSTM model received temporal sequences of length 14. 

ii. XGBoost consumed static feature vectors consisting of temporal, spatial, and contextual descriptors. 

iii. Isolation Forest operated on per-sample mobility and deviation features to detect anomalies. 

Ensemble and Decision Layer: 

Normalized outputs of the three models were combined using a weighted scheme (0.2 LSTM, 0.4 XGBoost, 0.4 Isolation Forest). The 

resulting composite score was mapped to a four-level risk classification suitable for real-time safety alerting. 

Feature Engineering 

Effective modeling of crime dynamics requires features that encode locality structure, temporal patterns, and contextual variation in 

urban environments. Three feature categories were engineered: spatial, temporal, and contextual. All numerical features were 

standardized using MinMaxScaler(), ensuring comparable value ranges across components and preventing scale-induced training 

biases. 
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Figure 4. Data and Process Flow 

Spatial Features 

Spatial features encode geographical structure and POI-level influences relevant to crime concentration. The following descriptors were 

computed: 

i. Geospatial Coordinates: Latitude and longitude of the locality centroid 

ii. Proximity Measures:Euclidean distance (in meters) from each incident to the nearest police station, hospital, park, ATM, 

and major road. 

iii. POI Density and Accessibility Metrics: Density of essential POIs within locality-specific buffers was used to represent 

infrastructural adequacy. 

iv. Composite Proximity Score: A normalized index derived from inverse-distance metrics to capture accessibility to 

emergency or high-footfall points. 

v. Proximity Inverse: Defined as 1− proximity_score, used in alternative feature configurations for model robustness. 

Spatial features are crucial for assessing structural risk differentials between dense commercial clusters (e.g., TT Nagar) and residential 

areas (e.g., Ayodhya Nagar). 

Temporal Features 

Temporal features capture cyclic, seasonal, and periodic influences on urban crime. These include: 

i. Discrete Time Decomposition: Hour, month, weekday, binary holiday flag, and weekend indicator. 

ii. Cyclic Encodings: To preserve temporal circularity, hour and month were re-encoded as 

                 sin(2πt/T), cos(2πt/T), 

where T=24 for hours and T=12 for months. 

iii. Temporal Dispersion Metrics: Standard deviation of incident hours within a locality-month window. 

These encodings help models learn daily and monthly crime periodicity that is widely observed in criminology literature. 

Contextual Features 

Contextual descriptors characterize higher-level city dynamics: 

i. Monthly Incident Statistics: Total count, rate normalized by locality population proxy, and month-wise trend deviations 

ii. Crime Diversity Index: Number of unique crime types within a given temporal window. 

iii. Variability Indicators: Standard deviation of daily counts in the corresponding month. 

iv. Smoothed Target Variable: A 3-day rolling mean of the daily crime count (crime_count_smooth), used as the regression 

target for the LSTM. 

These features improve model stability by reducing noise and capturing broader city-level behavioral shifts. 

Normalization Procedure 

A uniform MinMax scaling strategy was adopted for LSTM, XGBoost and Isolation Forest. This ensures inter-model comparability 

during ensembling. 

Model Design 

The prediction framework consists of three independent models—LSTM for temporal sequence forecasting, XGBoost for spatio-

temporal regression, and Isolation Forest for anomaly detection. Each model addresses a different dimension of crime risk. 

Long Short-Term Memory (LSTM) Model 

The LSTM component captures temporal dependencies and short-term trends in locality-wise crime evolution. 

Input Structure: Temporal sequences were constructed using a sliding-window method: 

The LSTM model required a structured representation of temporal crime evolution. 

Input sequences were constructed from 14 consecutive days of normalized smoothed crime values. Each sequence corresponded to one 

training sample, and the target output was the crime intensity on the day immediately following the sequence window. 

Input Shape: 

(N, 14, F) 

where F is the number of scaled temporal/contextual features. 

An 80–20 chronological split was used for training and testing. 

Model Architecture 

The Long Short-Term Memory network was structured as a two-layer recurrent neural architecture with the following characteristics: 
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i. First recurrent layer: A 64-unit LSTM layer configured to return the full sequence output. This allows deeper temporal 

abstraction by permitting subsequent layers to process intermediate memory states. 

ii. Regularization: A dropout mechanism was applied after each LSTM layer to reduce overfitting by randomly disabling a 

proportion of recurrent connections. 

iii. Second recurrent layer: A 32-unit LSTM layer that outputs a single consolidated temporal representation. 

iv. Output layer: A single fully connected neuron mapping the temporal embedding to the predicted crime intensity value. 

Hyperparameters 

i. Loss function: Mean Squared Error (MSE) 

ii. Optimizer: Adam 

iii. Epochs: 100 

iv. Batch size: 16 

v. Validation split: 0.1 within the training set 

XGBoost Regression Model 

The XGBoost model captures nonlinear relationships between spatial, temporal, and contextual attributes, providing interpretable 

feature-importance measures. 

Input Structure: The XGBoost model operated on a feature vector capturing spatial, temporal, and contextual aspects of each 

observation. 

 The input comprised 15 normalized attributes including: 

i. Temporal variables: hour, weekday, month, holiday indicator, weekend indicator, and cyclic encodings of hour and 

month. 

ii. Movement-related variables: speed, change in speed, and heading deviation, along with smoothed counterparts. 

iii. Spatial proximity metrics: distance from route and short-term smoothed distance deviations. 

iv. Contextual descriptors: variability indicators and crime-type diversity at the locality level. 

These combined features allowed the model to learn nonlinear relationships between environment characteristics and crime likelihood. 

Hyperparameters: 

i. Number of estimators: 300 boosting rounds 

ii. Learning rate: 0.05, providing gradual boosting updates 

iii. Maximum tree depth: 4, balancing model complexity and generalization 

iv. Subsample ratio: 0.8, enabling row-level stochasticity 

v. Feature sampling ratio (colsample_bytree): 0.8, inducing column-level regularization 

vi. Objective function: Quadratic loss for continuous regression 

vii. Random seed: 42, ensuring reproducibility 

Cross-Validation: A 5-fold KFold CV was performed: 

Metrics: R², MAE, RMSE 

Folds reduced to 3 for extremely small feature subsets. 

Isolation Forest Anomaly Detector 

The Isolation Forest module identifies behavioural anomalies using mobility deviation, speed fluctuations, and path divergence. 

Input Features: Six movement-based features were used: 

i. speed_kmph 

ii. speed_change 

iii. dist_from_route_m 

iv. dist_from_route_smooth 

v. heading_change_deg 

vi. heading_change_smooth 

Hyperparameter Optimization: Grid search was conducted over: 

n_estimators ∈ {100, 200} 

max_samples ∈ {0.6, 0.8, 1.0} 

contamination ∈ {0.01, 0.03, 0.05} 

max_features ∈ {0.5, 0.8, 1.0} 

bootstrap ∈ {True, False} 

The best configuration identified: 

i. Tree count (estimators): 100 

 Sufficient to isolate complex outliers while maintaining computational feasibility. 

ii. Subsample size (max_samples): 60% of total observations 

Tuned for sensitivity to rare anomaly patterns. 

iii. Contamination rate: 3% 

 Reflecting the expected proportion of anomalous behavioral deviations. 

iv. Maximum feature sampling ratio: 0.5 

 Ensuring adequate variability in random isolation paths. 

v. Bootstrap sampling: Disabled to preserve independence among trees. 

vi. Random seed: 42 to maintain replicability. 

Scoring Procedure: Danger scores were mapped to [0,1]. 

Ensemble Strategy 

After obtaining outputs from the three models—temporal forecast (LSTM), spatio-temporal regression (XGBoost), and behavioral 

anomaly assessment (Isolation Forest)—a weighted ensemble was constructed. 
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Each model output was normalized and integrated using fixed weights based on empirical performance considerations: 

LSTM contribution: 20% 

XGBoost contribution: 40% 

Isolation Forest contribution: 40% 

This weighted approach ensures: 

i. Temporal consistency from the LSTM, 

ii. Strong spatial and contextual prediction from XGBoost, 

iii. Real-time anomaly sensitivity from the Isolation Forest. 

The combined score serves as the final risk index, which is later mapped to discrete risk categories for real-time alerting.

 

Where: 

i. RLSTM = normalized temporal forecast risk 

ii. RXGBR = normalized spatial-contextual regression output 

iii. RIF = normalized anomaly-based danger score 

RESULT AND FINDINGS 
This section presents the performance outcomes of the three core models—LSTM, XGBoost, and Isolation Forest—along with the final 

ensemble mechanism that integrates their outputs into a unified risk-scoring framework. The analysis is based on the cleaned and 

feature-engineered dataset of 764 daily entries (2020–2024), incorporating spatial, temporal, contextual, and mobility-based attributes. 

LSTM Forecasting Model Results 

The LSTM model was designed for sequential daily crime-count forecasting, leveraging a 14-day historical window as input. After 

normalization using MinMax scaling and training for 100 epochs, the model demonstrated strong predictive stability and temporal 

responsiveness. 

The quantitative evaluation on the 20% hold-out test split shows: 

MAE: 0.0847 

MSE: 0.0124 

RMSE: 0.1113 

R²: 0.7901 

These metrics indicate that the model captures the temporal structure of crime variations effectively. The low MAE reflects precise 

day-to-day predictions, while the RMSE indicates stable performance even during peak crime periods. 

The Actual vs Predicted Crime Trend plot confirms these observations: the predicted curve closely follows the ground-truth trajectory, 

including short-term surges and cyclical dips. Deviations are mostly limited to high-volatility regions, where crime counts change 

sharply within short spans. Nevertheless, the LSTM consistently captures transition points—an essential requirement for early warning 

systems. 

Qualitatively, the LSTM performs best during: 

i. Regular weekly cycles, showing understanding of periodicity (e.g., weekend effects). 

ii. Low-to-moderate crime phases, where noise is minimal and trends are smooth. 

It performs relatively weaker during: Sudden spikes, where the limited training sample (764 entries) restricts generalization. 

Overall, the LSTM delivers reliable temporal forecasts that provide the backbone for trend-aware risk estimation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Accuracy graph for LSTM Temporal Model 

  XGBoost Regression Model Results 

The XGBoost model was used to incorporate richer spatio-temporal-contextual signals, including locality, monthly crime diversity, 

proximity to POIs, distance measures, and sinusoidally encoded calendar attributes. After normalization via MinMax scaling and five-

fold cross-validation, the model demonstrated strong generalization capacity. 
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Cross-Validation Summary 

Mean R²: 0.865 ± 0.029 

Mean MAE: 0.340 

Mean RMSE: 0.551 

The consistency of folds (low standard deviation) indicated that the model was not sensitive to sampling variance. 

Final Hold-Out Test Performance: 

R²: 0.842 

MAE: 0.372 

MSE: 0.318 

RMSE: 0.564 

The slight drop from CV scores is expected and remains within a normal range, confirming that the model generalizes well. The high 

R² value demonstrates that the XGBoost model effectively exploits structural patterns from spatial and contextual features—something 

the LSTM, being purely sequential, is not designed to capture. 

The absence of a visual plot for XGBoost does not limit interpretability, as the numerical performance and feature-based architecture 

strongly support its predictive contribution. XGBoost particularly excels in modeling spatial disparities between localities, identifying 

crime-dense clusters, and integrating proximity-based contextual signals such as distance from police stations or ATMs. 

In summary, XGBoost forms the most structurally informative component of the system, capturing cross-sectional patterns that 

temporal models cannot independently detect. 

Isolation Forest Anomaly Detection Results 

The Isolation Forest model identifies irregularities in mobility patterns and contextual deviations, representing micro-level risks to 

individuals. The model was optimized via hyperparameter search using F1-score and ROC-AUC prioritization. 

When deployed on 1,000 mobility samples, the model detected:104 anomalies, corresponding to 10.4% of user movements. 

These anomalies generally correspond to: 

i. Abrupt speed changes. 

ii. Unusual route deviation. 

iii. Sharp mobility discontinuities 

Figure 6. Speed-Based Time Series Plot 

The anomaly-over-time plot reveals that detected anomalies cluster around extreme changes in speed (e.g., sudden jumps above 100 

km/h or drops below 25 km/h). Such movements often indicate risky situations like abrupt halts, high-speed transitions, or deviations 

along unfamiliar segments. 

 

Figure 7. Risk Heatmap (Speed vs Deviation) 
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The heatmap further illustrates this behavior: 

Low-risk points cluster in the 35–50 km/h band with minimal deviation. 

Higher danger scores concentrate at 70–110 km/h with deviations of 20–50 m, forming a distinct isolated cluster. 

This separation validates that the Isolation Forest model succeeds in differentiating typical mobility behavior from abnormal patterns 

with practical safety relevance. 

Ensemble Anomaly Scoring Results 

To synthesize macro-level crime trends, spatial risk factors, and micro-level user anomalies, a weighted ensemble was employed: 

LSTM weight: 0.2 

XGBoost weight: 0.4 

Isolation Forest weight: 0.4 

The resulting ensemble score ranges from 0 to 1 and reflects a holistic risk estimation. 

 

 

 

 

 

 

 

 

Figure 8. Ensemble Risk Over Time Plot 

The plot shows: 

i. A threshold line at 0.75, above which events are marked anomalous. 

ii. Two distinct anomaly spikes where the ensemble score crosses this threshold. 

iii. Smooth temporal continuity at other times, demonstrating ensemble stability. 

Notably, anomalies flagged by the ensemble correspond to moments where both: 

i. Mobility anomalies were detected, and 

ii. LSTM/XGB predicted elevated crime risk 

This confirms that the ensemble does not trigger false alarms based on a single model; instead, it ensures multi-model consensus 

before raising risk flags. 

Comparative Model Analysis 

The three models contribute complementary strengths. The ensemble combines these attributes, resulting in: 

 
i. Higher stability than isolated models 

ii. Enhanced detection capability for high-risk situations 

iii. Better alignment with real-world multi-factor crime behavior 

Interpretation and Practical Implications 

The findings indicate that: 

i. Temporal patterns alone (LSTM) are insufficient to estimate crime risk but provide essential trend stability. 
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ii. Spatial and contextual factors (XGBoost) substantially enhance predictive accuracy, validating that crime is 

geographically and socially patterned. 

iii. Individual mobility anomalies (Isolation Forest) add a micro-level risk dimension essential for real-time personal safety 

alerts. 

iv. The ensemble approach yields a more reliable, balanced, and actionable risk signal than any standalone model. 

Collectively, the results demonstrate the potential of hybrid AI-driven systems to provide city-scale crime forecasting while 

simultaneously generating individualized risk assessments for users. 

CONCLUSION 
The study presented here shows a well-structured attempt to model urban crime patterns using a multi-model framework that combines 

deep learning, gradient boosting, and anomaly detection. The main goal of the research was to explore if different modeling approaches, 

each with unique learning capabilities, can come together to create a strong, clear, and general crime prediction and hotspot detection 

system. The investigation started by acknowledging that crime is influenced by a variety of factors, including population distribution, 

social behavior, seasonal changes, and unpredictable anomalies. Traditional modeling often struggles with this complexity, resulting in 

fragmented insights or uneven accuracy. By integrating LSTM networks for understanding time trends, XGBoost for predicting 

structured data, and Isolation Forest for detecting unusual behavior, the project builds a method that can grasp both expected and 

unexpected crime fluctuations. 

A key finding from this study is that crime patterns show strong time dependencies. This was particularly clear in the LSTM model's 

performance. It effectively used sequential periods of historical crime data to find underlying time patterns. While LSTM models need 

stable and sufficient data to work well, the training results indicated that crime rates often fluctuate weekly, bi-weekly, or monthly. 

These variations can’t be captured adequately by static machine learning methods. This underlines the significance of sequence 

modeling in crime research, especially in cities where crime trends are influenced by local events, law enforcement schedules, festivals, 

or economic cycles. On the other hand, the XGBoost model highlighted the effectiveness of decision-tree boosting methods in capturing 

interactions among features that temporal models might miss. Its ability to assess non-linear boundaries and prioritize features makes 

it particularly useful for handling structured data like time-related statistics, lagged variables, rolling windows, and spatial connections. 

The complementary roles of these two models—one focusing on time-dependent patterns and the other on overall spatial and structural 

relationships—support the choice to use a hybrid approach. 

Another significant point of the research is the use of Isolation Forest for detecting anomalies. Unlike supervised models that depend 

strictly on past patterns, Isolation Forest views anomalies as rare, easily identifiable areas in the data. This approach allowed the system 

to spot sudden crime spikes, unusual clusters, or unexpected hotspots that were not strongly connected to previous behavior. This ability 

is crucial for real-world applications since law enforcement agencies need early alerts for abnormal situations, like festivals, protests, 

or sudden crime surges, that deviate from typical patterns. Thus, the anomaly detection system becomes an important part, enhancing 

the interpretability and responsiveness of the predictive model. 

The implementation of a weighted ensemble further bolstered the system. It balanced the strengths and weaknesses of individual models. 

Ensemble learning made the prediction process more stable, reducing variance from the LSTM network and addressing model-specific 

biases inherent in XGBoost. At the same time, the anomaly detection feature improved predictions by introducing a risk measure shown 

as a “danger score.” Through systematic testing and evaluation, the ensemble proved to be a more dependable indicator of crime 

likelihood than any single model on its own. A carefully chosen weighting scheme ensured that no single model dominated the 

ensemble, resulting in an effective final prediction mechanism that reflects a shared view from various machine-learning strategies. 

Despite these advancements, the project recognizes several limitations in urban crime modeling. Crime data often suffers from 

underreporting, inconsistent quality, missing values, and differences in reporting frequency. In this study, methods for smoothing and 

normalization helped partly address these issues, but data quality still plays a crucial role in predictive performance. Additionally, while 

the LSTM model identifies long-term patterns, its effectiveness relies on having dense and continuous historical data. Cities with sparse 

or irregular crime reporting may not see the same predictive benefits. Likewise, XGBoost’s dependence on handcrafted features shows 

promising results but also means that its success is closely linked to the choices made during feature creation. Improvements or mistakes 

in feature engineering can significantly impact model outcomes. 

Another limitation is the geographic applicability of the system. The models were trained and validated using data from a single city, 

which restricts the ability to apply the findings directly to other cities with different crime patterns, demographics, population densities, 

or policing practices. While the methodology can be transferred, performance metrics may differ widely in other environments. 

Moreover, the anomaly detection model, despite its usefulness, may sometimes misinterpret normal fluctuations as anomalies, 

especially in periods or areas where crime activity naturally varies. 

From a practical viewpoint, deploying this model in the real world brings extra challenges, such as data delays, computational demands, 

inter-department cooperation, and policy restrictions on predictive policing tools. The ethical implications of crime prediction are also 

a significant concern. If not designed or executed properly, crime forecasting models might cause algorithmic bias, unfair policing, or 

unjust targeting of certain communities. The study highlights that predictive models should always serve as support tools for decision-

making rather than replace enforcement actions. 

In conclusion, the study effectively shows a unified method for predicting crime risks by combining LSTM, XGBoost, and Isolation 

Forest models. This method represents a significant step in developing analytical systems that integrate time awareness, structured data 

learning, and anomaly detection. Through careful data processing, normalization, design, and evaluation, the project provides valuable 

insights into crime data behavior and the potential of machine learning for public safety. While there is room for improvement, the 

current results lay a strong foundation for future research and practical applications. By connecting clarity, predictive accuracy, and 

real-world utility, this study significantly contributes to the ongoing effort to enhance urban safety, law enforcement readiness, and 

resource distribution. 

FUTURE WORK 
Although the current system demonstrates strong predictive capabilities and a well-integrated architecture, several avenues exist for 

future expansion that could significantly enhance performance, adaptability, and real-world applicability. One of the most promising 

directions for future research lies in expanding the dataset beyond the current dependence on crime count and temporal statistics.  
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Crime is deeply intertwined with socio-economic and behavioural indicators such as employment rates, education levels, income 

distributions, urban mobility, real-time human activity, and environmental factors such as weather conditions or infrastructure density. 

Integrating such data sources, particularly mobility data from GPS traces, public transport logs, and mobile network congestion, could 

offer a richer contextual understanding of crime occurrence. In addition, the inclusion of geospatial data layers such as land use patterns, 

CCTV density, lighting infrastructure, and commercial area clusters would enhance the spatial accuracy and situational awareness of 

the model. These extensions would allow the system to transition from purely temporal and structural modeling to multi-dimensional 

crime forecasting. 

A second area of potential development involves cross-city evaluation and regional generalization. Crime patterns vary significantly 

between densely populated metros, mid-sized towns, and smaller localities. Training and validating the framework across multiple cities 

would allow researchers to assess the generalizability and robustness of the ensemble in varied socio-economic and geographic contexts. 

Such cross-city studies could also reveal latent behavioural universals in crime distribution or show how different urban layouts 

influence crime mobility across neighbourhoods. Moreover, this direction would allow the creation of transfer-learning extensions in 

which knowledge learned from high-resource cities could be adapted to cities with insufficient data, thereby enabling fairer access to 

predictive technologies. 

Scaling the model into a larger ensemble is another promising trajectory. Beyond LSTM and XGBoost, architectures such as Temporal 

Convolutional Networks (TCN), Transformer-based sequence models, Random Forests, CatBoost, and Graph Neural Networks (GNNs) 

could dramatically enhance the system’s predictive expressiveness. For example, a GNN could capture adjacency relationships between 

regions, enabling the model to understand how crime diffuses through neighbouring wards. Transformer architectures could learn long-

range temporal dependencies better than LSTMs, especially for datasets with complex seasonality. These additions would help create 

a more rich ensemble capable of capturing spatial, temporal, and semantic aspects of crime data simultaneously. 

The deployment of the model in real-world settings also presents meaningful opportunities for advancement. A lightweight or edge-

optimized version of the system could be built to run efficiently on low-power devices, such as local police servers, mobile surveillance 

units, or city ward monitoring stations. This would reduce latency, minimize reliance on centralized cloud infrastructure, and allow 

real-time crime risk scoring even in areas with unstable connectivity. Designing such edge-ready versions would require optimization 

methods such as model pruning, quantization, or knowledge distillation so that the predictive accuracy remains intact while memory 

and computational requirements are reduced. Additionally, integrating the prediction system with frontend dashboards, GIS mapping 

tools, or police control room software would enhance usability and promote data-driven decision-making. 

Another compelling direction for future research involves the ethical and policy dimension of predictive crime modeling. Ensuring 

fairness, transparency, and accountability is essential for preventing misuse or unintentional bias reinforcement. Future work could 

incorporate bias-detection modules that monitor prediction disparities across demographic or geographic groups, enabling researchers 

to fine-tune the models to avoid discriminatory outcomes. Additionally, explainable-AI (XAI) techniques—such as SHAP values, 

counterfactual explanations, or attention-based interpretability—could be embedded into the system to help stakeholders understand 

the rationale behind predictions. This would be invaluable for building trust among law-enforcement officials, policymakers, and the 

general public. 

Finally, the system can evolve into a real-time event-aware crime forecasting engine. By integrating streaming data pipelines—such as 

live 911 calls, CCTV anomaly feeds, public event schedules, or social media trend analyses—the model could dynamically adapt its 

predictions based on ongoing city conditions. This would transform the system from a static predictor into a continuously adapting 

situational-awareness tool capable of informing rapid response strategies, dynamic patrol routing, or crisis management operations. 

In essence, while the current study establishes a strong foundation, the future of this work lies in broader data integration, algorithmic 

expansion, real-time deployment, fairness assurance, and scalable infrastructure development. These enhancements would elevate the 

system beyond research and into a practical, intelligent assistant for urban safety management. 
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