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ABSTRACT

The study aims to develop cartographic models to analyze
and interpret the spatiotemporal patterns of crime (homicide,
theft) and to predict their occurrence in Salah al-Din
Governorate during the period 2015-2024. Spatial analysis
tools within a Geographic Information Systems (GIS)
environment were employed, including Time Series Clustering
(Machine Learning), Emerging Hot Spot Analysis, and
Forecast Space-Time Cube. Artificial Intelligence (Al)
algorithms were used to construct accurate predictive models

for the future distribution of crime by transforming criminal
data into spatiotemporal cubes and subsequently forecasting
changes in crime hotspots. This study provides a
comprehensive scientific perspective for understanding crime
dynamics and contributes to supporting security agencies in
the study area by providing analytical and predictive maps that
can inform the development of effective security policies
based on precise scientific methods for the spatiotemporal
monitoring and prediction of criminal activities..
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import pandas as pd

import numpy as np
import matplotlib.pyplot as plt
from sklearn.neighbors import KernelDensity

data = pd.read_csv(“crime_data.csv™)

coords = data[ [ longitude®, " latitude”]].values
kde = KernelDensity({bandwidth=0.22, kernel= IS S
kde.fit{coords)

x _min, x_max = coords[:,8].min(), coords[:

vy min, y max = coords[:,1].min(), coords[:,
xgrid = np.linspace(x_mimn, x_max, 288)
ygrid np.linspace(y_min, y_max, 208)

X, ¥ = np.meshgrid(xgrid, ygrid)

grid = np.vstack([X.ravel(), Y.ravel()]).T

Z = np.exp(kde.score_samples(grid)).reshape(X.shape)

figure(figsize=(8,6))

plt.imshow(Z, origin="lower', extent={x_min,x max,y min,y max), cmap="hot’)
plt.scatter(coords[:,8], coords[:,1], c="bl
plt.colorbar({label
plt.title("Crime Hotsp
plt.show()

e, s=5, alpha=8.4)
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import pandas as pd

import numpy as np

import geopandas as gpd

import matplotlib.pyplot as plt

from sklearn.neighbors import KernelDensity

data = pd.read_csv("crime_data

coords = ‘, "latitude®]]).values

kde = KernelDensity(bandwidth=0.02, kernel='g
kde.fit(coords)

x_min, X _max = coords[:,e]. 1()-9.05, coords[:,0].max()+0.05
y_min, y max = coords[:,1].min()-©.05, coords[:,1].max()+@.05
xgrid = np.linspace(x_min, x_max, 20Q)
ygrid = np.linspace(y_min, y max, 200)

xgrid, vgrid = np.meshgrid(xgrid, ygrid)
grid_coords = np.vstack([Xgrid.ravel(), vgrid.ravel()]).T

Z = np.exp(kde.score_samples(grid_coords))
Z = Z.reshape(Xgrid.shape)

plt.figure(figsize=(190,8))
plt.imshow(Z, origin="1c¢

r’, extent=(x_min, x_max, y_min, y max), cmap="hot’)

plt.scatter(coords[:,©], coords[:,1], c="blue’, s=5, alpha=0.5, label="Crime Points”)
plt.colorbar(label="Crime y
plt.title("Kernel Density
plt.legend()

plt.show()
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(Density-Based Clustering) 4l alall o sildl 2 < 14 J<8

import pandas as pd
import matplotlib.pyplot as plt
from sklearn.cluster import DBSCAN

from sklearn.preprocessing import StandardScaler

¥ doupzell Clle defyd (wdlo CSV daoc! Some:
data = pd.read_csv("crime_data.csv™)

coords = data[['longitude’, ‘latitude’]].values

perbagodl Lao-g

coords_scaled = StandardScaler().fit_transform(coords)

db = DBSCAN(eps=@.85, min_samples=5).fit(coords_scaled)

data[ 'cluster’'] = db.labels_

plt.figure(figsize=(2,6))

plt.scatter(data[ ' longitude’], data['latitude'], c=data[ 'cluster'], cmap="tabilae', s=28)
plt.title("Density-Based Clustering (DBSCAN) of Crime Data")

plt.xlabel("Longitude™)

plt.ylabel("Latitude™)

plt.show()
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import numpy as np
from tslearn.clustering import TimeSeriesKMeans
from tslearn.utils import to_time_series_dataset

import matplotlib.pyplot as plt

s Slo

(p—ir 12 x  gblio 3) duoldl dosy> Slly
crime_data = np.array([
[5, 7, 6, 8, 7, 6, 1@, 12, 11, 9, 8, 7], # 1 azkial
[2, 3, 2, 4, 3, 2, 5, 6, 5, 4, 3, 2], # 2 aahioll
[8, 9, 10, 11, 10, 92, 13, 14, 12, 11, 1@, 9] # aabioll
D
X = to_time_series_dataset(crime_data)

# daojlo=> gk K
model

labels

Means go DTW

TimeSerieskMeans(n_clusters=2, metric="dtw",
model . fit_predict(X)

random_state=0)

# gulidl Jone
for i, series in enumerate(Xx):
plt.plot(series.ravel(), label=f"iiki {i+1} - 4 sas {labels[i]}")
plt.legend()
plt.show()

Time Series Clustering 4i; )b Jia (5) dday Al
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Badae dyiel 5 Apalial 5 duelaia) Jal sal auads

& wacluTime Series Clustering slal of Jsill oSy pai Lo DA (g
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7 osms ek Qlaill ¢ e f ale OS5 e sadl e Jaleill (o Yy ¢ SIS
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:EMERGING Hot Spot Analysis 4

&) (Hot Spots) aalull Ghbidl sty sl Ladds g desiie Apl€e dilas) 313 a

(Cold Spots) 53,1 hbiall s ¢lehamas &l (i ad Sia) aill e Jle 38 o

J e s Al (Getis-Ord Gi ) andt dflas) o adiaiy cliaidiall ol i)

-(Ratanamahatana, C. A., & Keogh, E. (2005) Lila s el cass

Gl bl o eLall s gl ((JB oA ) dasal @by e sl Gali xie

&l Bhlidl aaats ¢ (Hot Spots)Lilas] adsial (e el dajall ¥ ane Ld o5

41



2025588 N(I) dtall pokad) pijtl ailhy /G yS05 Anel /igubaal il ilal Aone

<l il 4pn i 8 acluy 1385 ¢ (Cold Spots)adsiall cre Ji day all ¥ axe L (5
el shaall @l Bhalidl gad (il gn dda ) dgaY)
: (Getis-Ord Gi) Ualeall Gaukai a3

wig— X Y w 3 _ G

i
\/ ny W ?_J.— (3 W ;‘._;‘)S

n—1

(ail2dl 53c) J gB8gall dic Byalall days = jo o

(lszdl gl dlusall cuws 3ale) § gigally i @8 gall (u dxilSall @Ml g = R
25lgall graz) asill buvgio = X o

paill s)mall =il =S e

WSl gslgall ac =m0 o

:Z-score dxill desdll

(doy =) dizlw dalnis) Hot Spot — (Jle wuzge Z-score o

(degy=ll 35)L dabis) Cold Spot — jaaxio wllw Z-score e

oo (dl8e bai 329y V — jaall o s Z-score o

Filie H1ad3ul) daga AkE 0 el Glia o adiad Oy Wisde Jas Y 311
A jliey diluall O35 e Jsad 138 Jahy Al aes & (Cull s e o disa
Ji& Ja pasilp-value s Z-score s Al Jag ¢« IS s sidly sl g ganl)

Y ol dglas) AV 5



2025pd  N(I) dtall patad) w3t a3y / S pSo0 daely /5l pll ealal Ao

Hot Spot Analysis EMERGING 44 jhy (alall o il 268 :6 JSal

# Joo)l @t iz
arcpy.env.overwriteOutput = True
arcpy.env.workspace = r"C:\GIS_Project”

# 1. bladl go olSol aSo sliv]
# (J>2wJl: Feature Class olilis]| S X,Y Caxll gu,ls)

input_points = r"C:\GIS Project\crime_points.shp” # i,/ bla

time_field = "DATE_FIELD" # sl seac (£9i o @l a5 Date)
output_cube = r"C:\GIS_Project\crime_cube.nc” # uldl =Sall walo (netcoF)

# Quoilly aulSaoll ad=)l o>

dist_interval = "S5 Kilometers” # ilSa)l 2=l

time_interval = "1 Month™ # ool adl

arcpy.stpm.CreateSpaceTimeCubeDefined(input_points, time field,
output_cube, dist_interval, time_interval,
"COUNT", None)

print("Bl JS< w=se oy 5v)

# 2. sk Emerging Hot Spot Analysis
output_hotspots = r"C:\GIS_Project\crime_hotspots.shp”

arcpy.stpm.EmergingHotSpotAnalysis(output_cube, "COUNT", output_hotspots)

print("[ %5 5 Emerging Hot Spot Analysis™)

day ol A 5l Hot Spot Analysis EMERGING 44 b @k :6 4y Al
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forest-based-classification-and-regression-to-model-and-estimate-house-values
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Ty 5l kil o Bl 35S 18 ISl
Forest-based Classification and Regression(Machine Learning)

# Import the required ArcGIS API for Python modules
import arcgis
from arcgis.gis import GIS
# Connect to your ArcGIS Enterprise portal and confirm that GeoAnalytics is
supported
portal = GIS("https://myportal.domain.com/portal”,
"my_password")
if not portal.secanalytics.is supported():

print ("Quitting, GeoAnalytics is not supported™)

exit(1)
# Find the big data file share dataset you'll use for analysis
search result = portal.content.search("", "Big Data File Share")
# Look through the search results for a big data file share with the
matching name
bdfs_search = next(x for x in search_result if x.title ==
"bigDataFileShares_SaleData")
# Look through the big data file share for ice cream sales data
icecream sales = next(x for x in bdfs_search.layers if x.properties.name ==
"IceCreamSales”)
# Run the Forest-based Classification and Regression tool
forest_model = arcgis.geoanalytics.analyze patterns.forest(prediction tvpe
= "train",

input layer = icecream_sales,

var prediction = {"fieldName":"Amount™,

"

gis_publisher”,

n

categorical”:true},
var_explanatory = [{"fieldName":"Weekend",

n

categorical”:true},
{"fieldName": "Temperature"”, “"categorical”:false},
{"fieldname":"Holiday", "categorical":true},
{"fieldName":"DistanceToBeach",

"categorical”:false}],
sample size = 5@,
output name =
"ice cream prediction”)

Forest-based Classification and Regression Jee 44f :9 Jsal
2 A

Machine Caorrelation/ Parametric NMonparam
learming =  Association tests ~  tests - tests

t k-means clustering

™ Gaussian Mixture Models

,!':‘!. Classification and regression trees

Knn K Mearest NMeighbors

nB Maive Bayes classifier

SYM  Suppert Vector Machine (SWM)

4k Classification and regression random forest

.)’ HAcssociation rules

https://www.xlstat.com/solutions/features/classification-and- : _iaall

regression-random-forests
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4 [l Spatial Statistics Toals
2 Analyzing Patterns
» Mapping Clusters

1 Measuring Geographic Distributions

[l L

; Modeling Spatial Relationships
A Exploratory Regression
87 Forest-based Classification and Regression
A’ Generate Metwork Spatial Weights
8 Generate Spatial Weights Matrix
i Geographically Wesghted Regression (GWR)

8 Ovdinary Least Squares (OLS)
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Gl a0 8 3 a8y chgpaall Boallal) jaudd 8 Lguleldy Sl A8 g g0
Abdlae (& dogiall Se 50l sasa el Ayl Aflas) Gl e alae
(Root Mean Square Error - RMSE) thaall sy s Jawgie Hiay cifiai ¢l 3k
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(R. (2014

50




2025pkar  N(I)  piall adal) piijti pilly /G pS05 Aol /igusa il ilal Aoz

\/ 2(1,red,iYucimd,i }/)zﬂv_lE — RMSE
mn

S cplall =3 el s a0 (usiCoefficient of Determination (R?):

2
(pr(:d,i actual i

Jlee zigall = 1 g G d oY (1 A 0) bl 4

}r);i—l 1= 2}?

2 ( uciuﬂl? ur:.'lw_tl,'iY) Zi 12

R2 3 RMSE «lual Python asS :11 J<al

import numpy as np

from sklearn.metrics import mean_squared_error, r2_score

actual_theft = [146, 122, 177, 326, 45, 18, 49, 259, 45, 40, S0]

actual_murder = [13, 13, 19, 38, 11, 6, 14, 17, 3, 1, 15]

pred_theft = [180, 150, 220, 400, 55, 22, 60, 310, 55, S0, 60]
pred_murder = [18, 17, 25, 47, 14, 8, 18, 22, 5, 2, 19]

rmse_theft = mean_squared_error(actual_theft, pred_theft, squared=False)

rmse_murder = mean_squared_error(actual_murder, pred_murder, squared=False)

r2_theft = r2_score(actual_theft, pred_theft)

r2_murder = r2_score(actual_murder, pred_murder)

error_theft = (sum(np.abs(np.array(pred_theft) - np.array(actual_theft))) / sum(actual_theft)) * 1
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