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1 Introduction

This configuration manual provides a comprehensive guide for setting up and implementing a research
project focused on accurately categorizing crime incidents based on textual descriptions. Various machine
learning models, including LSTM, GRU, Logistic Regression, SVM, and Random Forest, are employed
to achieve this objective.

2 Environment Setup
Device Specifications:
1. Model Name: MI Notebook Pro
2. Processor: Intel Core i5-11300H @ 3.10GHz (Base) up to 3.11GHz (Turbo Boost), 11th Gen
3. Memory (RAM): 16.0 GB DDR4
4. Graphics: Integrated Graphics (Intel Xe Graphics)
5. Operating System: Windows 11 Home Single Language (64-bit)
Required Software:
1. Development Environment: Google Colab
2. Programming Language: Python 3.8.16
3. Cloud Storage Integration: Google Drive

These software components are essential for the proper functioning of the project. Google Colab provides
the computational environment for executing code, while Python 3.8.16 serves as the programming lan-
guage for implementing the project’s algorithms and data processing. Integration with Google Drive en-
ables seamless data access and storage, facilitating efficient collaboration and data management through-
out the research endeavor.



3 Python Libraries Essential for Implementing this Project

The below figure shows the python libraries used for implementing this project:

@ ¥ Linear algebra
import numpy as np
import pandas as pd

# Data processing
import pandas as pd

# Data visualization
import seaborn as sns

%matplotlib inline

from matplotlib import pyplot as plt
from matplotlib impert style

# Deep Learning

import tensorflow as tf

from tensorflow.keras.preprocessing.text import Tokenizer

£rom tensorflow.keras.preprocessing.sequence import pad_sequences
from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Embedding, LSTM, Dense, Dropout
from tensorflow.keras.utils import to_categorical

from tensorflow.ker yers import GRU

from tensorflow.keras.layers import Embedding, Dense

from sklearn.preprocessing import LabelEncoder

from keras.layers import Embedding, GRU, Dense, Dropout

from kar gularizers import 12

# Machine Learning Algorithms

from sklearn.model_selection import train_test_split

fram sklearn.linear_medel import $GDClassifier, LogisticRegressien
from sklearn.ensemble import lassifier, lassifier
from sklearn.ensemble import RandomForestClassifier

from sklearn.linear_model import Perceptron

from sklearn.svm import SVC, LinearSVe

from sklearn.feature_extraction.text import TfidfVectorizer

from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy_score, classification_report

w Preprocessing
from sklearn.model_selection import train_test_split

from sklearn.preprocessing import Labeléncoder, StandardScaler, OneHotEncoder

# Metrics

from sklearn.metrics import log_less

from sklearn.model_selection import cross_val_score

from sklearn.metrics import confusion_matrix

# Model Selection & Hyperparameter tuning

from sklearn.model_selection import GridSearchCV, RandomizedSearchV, StratifiedKFold
# Mathematical Functions

import math

#For input and output handling
import io

Figure 1: Importing python libraries

4 Loading the dataset

To access the dataset stored in Google Drive, use the following code snippet to mount Google Drive
within the Colab environment and read the CSV data into a DataFrame named ”crimedata”:

° from- google.colab import drive

drive.mount('/content/drive')

Mounted at /content/drive

[1]

google_drive_path = '/content/drive/MyDrive/CrimeDataset.csv'

[ 1 crime_data = pd.read_csv(google_drive path)

Figure 2: Loading dataset



5 Data Preprocessing and Cleaning

The dataset was initially downloaded from the SFPD website, containing records from 2018 to 2023. To
ensure data integrity:

Data from 2022 to 2023 was extracted (Figure 3). Missing values were handled by substituting
them with appropriate average values (Figure 4). The ”Incidentdatetime” column was converted into
a datetime format for precise temporal referencing (Figure 5). The ”IncidentDayofWeek” column was
transformed into numerical categorical values for machine learning compatibility (Figure 6). Categories
were mapped to a new unified category for improved modeling (Figure 7).

[ ] #Extracting data for specific years
start_year = 202
end year = 2003

# Filtering the data based on the year colum
filtered df = crine data[(crine_data] 'Incident Year'] »= start_year) & (crine_data['Incident Year'] <= end_year)]

Figure 3: Extracting data from 2022 till 2023

1] # Replacing null values with average values in integer colums
numerdc_colums = filtered_df select_dtypes(includes['int’, 'float']).colums
Filtered df[nuneric_colums] = filtered_df[numeric_colums]. fi11na(filtered of[nuneric_colums].nean())

# Replacing null values ith node values in string columns

string_colums = filtered_df select_dtypes includes[ object']). colums
Filtered df[string_colums] = filtered df[string_colums).fillna(filtered_df[string_colums ].node( ). iloc[2])

Figure 4: Code for substituting null values with suitable average values
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Figure 5: Conversion of Incidentdatetime column into a datetime format



o # Converting the "Incicent_Day of Neek" colum to nurerical categorical values
day_of week nzp = {
"Monday': 1,
"Tuesday": 2,
"ednesdzy: 3,
"Thursday': 4,
riday's 5

}

crine_datal]'Tncident Day of Week'] = crine_datal['Incident Day of Week'].astype('category').nap(day._of ek nap)

Figure 6: Conversion of IncidentDayofWeek column into numerical categorical values

Figure 7: Mapping of old categories to the new category

6 Feature Engineering and Visualization

The code snippet in Figure 8 demonstrates feature extraction from the ”Incidentdatetime” column,
including date, year, month, day, hour, minute, hour type, season, and weekend feature. Various plots
were generated for data visualization:



# Extracting date,yer,nonth, day, hour, minute etc. from 'Incident Datetine’ colum

def extract_datetin
] Tncident Da

es(df]

es(df):
ine'] = pd.to_datetine(df[* Incident_Datetine']) # Convert 'Incident_date' column to pandas datetine

# Extracting ye:

day, hour, and minute
dt.year

o Hinute'] =

# Extracting hour type (norning, aftemoon, evening, night)
[ Hour_type'] = df["Tncident Datetine'].dt.hour.apply(lenbda x: “orning' if 6 <= x ¢ 12 else
“Afternoon’ if 12 <= x < 18 else
vening' f 18 ¢= x ¢ 22 else "Night')

# Extracting season (winter, sumer, fall, spring)

df"Season’] = df{Incident Datetine ].dt.nonth.apply(lanbda m: "Winter! if m in [12, 1, 2] else
'Spring' if m in [3, 4, 5] else
“Sumer" if m in [5, 7, 8] else 'Fell')

# Adding weekend Feature (1 for weekend, @ for weekdays)

[ "Heekend'] = 0] 'Tncident Datetine'.dt. dayofueek.apply(Lanbda x: 1 if x>+ 5 else )

return df

# Callng the function to extract datetine features and update the DataFrame
crine_datel = extract_datetine_features(crine_data1)

Figure 8: Code for extracting different features from ’Incidentdatetime’ column

The following figures display the code snippets for plotting various distributions, crime categories
distribution, distribution of crimes by year and police district, and occurrences of crimes on a yearly
basis:

[ ] #Defining a function of plotting various distributions
def plot_distribution(data, column_name):

plt.figure(figsize=(10, 6))
sns. countplot(x=column_name, data=data)
plt.title(f'Distribution of {column_name}')
plt.xlabel(column_name)
plt.ylabel('Count')
plt.xticks(rotation=45)
plt.show()

[ ] plot_distribution(crime_df, 'Police_District')
plot_distribution(crime_df, 'Year')
plot_distribution(crime_df, 'Month')
plot_distribution(crime_df, 'Hour_type')
plot_distribution(crime_df, 'Season')
plot_distribution(crime_df, 'Weekend')

Figure 9: Code for plotting various distributions



[ '] #Plotting Crime Categories Distribution
plt.figure(figsize=(12, 6))
sns. countplot (x="Unified_category', data=crime_df)
plt.title('Crine Categories Distribution')
plt.xlabel('Unified Category')
plt.ylabel('Count')
plt.xticks(rotation=98)
plt.show()

Figure 10: Code for plotting Crime Categories Distribution

['] #Distribution of Crines by Vear and Police District
plt.figure(figsize=(12, 6))
sns. countplot(x="Police District', hues'Year', datascrine df)
plt.title('Distribution of Crimes by Year and Police District')
plt.xlabel('Police District')
plt.ylabel('Court’)
plt. legend title="Vear', loc="upper right')
plt.xticks(rotation=45)
plt.shou()

Figure 11: Code for plotting Distribution of Crimes by Year and Police District

[1 #Ploting the occurrences of crimes that had happened yearly basis.
plt. figure(figsizez(12, 6))
sns. countplor(x="Vear', datazcrine df, hues'Unified category', palette:'tabld')
plt. title(‘Occurrences of Crines by Vear and Crine Category')
plt.xlabel( Vezr')
plt. ylabel( ' Count')
plt. Jegend title="Crine Category', bbox_to_anchor=(1, 1))
plt.xcicks(rotetionsds)
plt. shou()

Figure 12: Code for ploting the occurrences of crimes that had happened yearly basis



7 Implementation of various machine learning models

The implementation of machine learning models, including LSTM, GRU, Logistic Regression, SVM, and
Random Forest, is illustrated in the following figures:

~ LSTM Model

O *train = train data[ 'Incident Description'].tolist()
y_train = train_data[ 'Unified_category'].tolist()
X_test = test_data['Incident Description'].tolist()
y_test = test_data[ 'Unified_category'].tolist()

# Tokenizing the text and convert to sequences

‘tokenizer = Tokenizer(nun_nords=100008, filters='1"#$3&()*+,-./1;<=>2[\\]"_'{| J+it\n')
tokenize. fit_on_texts(X_train)

sequences_train = tokenizer. texts_to_sequences(X_train)

sequences_test = tokenizer. texts_to_sequences(X_test)

4 Padding the sequences to nake then of equal length

max_sequence_length = 550

sequences_train_padded = pad_sequences sequences_train, naxlenznax_sequence_length, padding='post’)
sequences_test,_padded = pad_sequences(sequences_test, naxlen=nas_sequence_length, padding='post’)

# Converting the category labels to nunerical format
Label_encoder = LabelEncoder()

y_train_encoded = label_encoder. Fit_transform(y_train)
y_test_encoded = label_encoder. transforn(y_test)

4 Converting the nunercal Labels to one-hot encoded fornat

num_classes = len(Label_encoder. classes_)

y_train_onehot = to_categorical(y_train_encoded, nun_classes=nun_classes)
y_test_onehot = to_categorical(y_test_encoded, nun_classes=nun_classes)

Figure 13: Text Data Preprocessing and Label Encoding of LSTM Model

© # Cresting the L5TH model
enbedding_cin = 12
Lsta_units = 6.

mode1 = Saquential
ode] a4 Exbadeing  input_dima1en(tokenizer word_index) + 1, output_dimsesbedding dim, input_lengthemsx_secuence_length))
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confusion_mex = confusion_macrix(y_trus_labels, y_pred_labels, labelselabel_sncoder.classes )

Figure 14: LSTM Model

GRU Model

[ ] X_train = train_data[Incident Description'].tolist()
y_train = train_data[ Unified_category'].tolist()
Xtest = test_data[ 'Incident Description'].tolist()
y_test = test_data[ 'Unified_category'].tolist()

# Toks
token
tokenizer. fi

ng the text and convert to sequences
okenizer (nun words=100000, filters=
:_on_texts(X_train)

Sequences_train - tokenizer. texts_to_sequences(X_train)
sequences_tast = tokenizar.taxts_to_saquences(X_test)

"ERO - /15BN (I En')

# Padeing the sequences to make them of qual length

nex_sequence_lengeh = 550

sequences_train_pacde« ad_sequences (sequences_train, maxlen=max_sequence_length, padding='post')
sequences_test_padded = pad_saquences(ssquences_test, maxLen-nax_sequance_langth, padding="post’)

# Converting the category labels to numerical format
Label_encoder = LabelEncoder()

y_train_encoded = label_sncoder. Fit_transforn(y_train)
V_test_encodsd = label_ancodar. transforn(y_test)

# Converting the numerical labels to one-hot encoded format

nun_classes = len(label_encoder.classes_)

y_train_onehot = to_categorical (y_train_encoded, nun_classes=nun_classes)
J_test_onehot = to_categorical(y_test_encoded, num_classes=num_classes)

Figure 15: Text Data Preprocessing and Label Encoding of GRU Model



0 # cresting the U mdel
nbedding_din = 128

gru_units = 64

model = Sequential ()
odel add  Enbedding input_dia=len(tokenizen.word_index) + 1, output_dinenbedding_din, input_lengthenax_sequence_length))
sodeladd(ropout(8.2))# Adding Gropot after emccing Layer

sodel. ldd{wlum -m, mmwa 2, activatior
sodel..add( G activi
sodel ammm un :hssu activatio

1))

anh
tanh', Kernel_regalarize
oftnax'))

# Conpiling the nodel

odel. conpile(losss="categorical_crossentropy’, optinizers'adan’, metric

acaracy’]

# Training the sodel
batch_size = 64

|
sodel. it (sequences_train padded, y_train_onehot, batch_sizesbatch_size, epochssepochs, validation_split=s.1)

# Evaluating the model
loss, accuracy = model. evaluate(sequences_test_padded, y_test_onehot)
print(f°Test loss: {loss), Test accuracy: {accuracy}")

# Generate predictions

y_pred_onghot

st patded)

model. predict(sequences

# Convert predictions to labels

y_pred_encoded

pargnan(y_prd_nhat, o

y_pred_labels = 1abel_encoder.inverse_transfors(y_pred_encoded)

# Convert. true Labels to labels
y_true_encoded = np.argnax(y_test_onehot, axiss1)
Y_true_labels = label_encoder.inverse_transfons(y_true_encoded)

# Calculate confusion matrix
confusion_itx = confusion_matrix(y_true_labels, y_pred_labels, labelsslabel encoder.classes_)

# prit confusion atrix
print (*Confusion Matrix
print confusion_utx)

~ Logistic Regression Model

]

X_train = train_data['Incident Description'].tolist()
y_train = train_data[ 'Unified_category'].tolist()
test_data[ 'Incident_Description'].tolist()
y_test = test_data[ 'Unified_category'].tolist()

# Step 1: Converting the category labels to numerical format
1abel_encoder = LabelEncoder()

y_train_encoded = label_encoder.fit_transform(y_train)
y_test_encoded = label_encoder. transform(y_test

# Step 2: Vectorizing the text data using TFidfVectorizer
vectorizer = TFidfVectorizer (stop_words='english', max_features=5000)
X_train_vectors = vectorizer.fit_transform(X_train)

X_test_vectors = vectorizer.transform(X_test)

# Step 3: Creating and training the Logistic Regression model
logreg_model = LogisticRegression(max_iter=1020)
logreg_model . fit(X_train_vectors, y_train_encoded)

# Step 4: Making predictions on the test data
y_pred = logreg_model.predict (X_test_vectors)

# Step 5: Converting numerical predictions back to category labels
y_pred_labels = label_encoder.inverse_transforn(y_pred)

# Step 6: Evaluating the model
accuracy = accuracy_score(y_test, y_pred_labels)
print("Accuracy:", accuracy’

# Classification report for detailed performance metrics
print(classification_report(y_test, y_pred_labels))

rain_ducal Incigens pescristion') toldat()

o o e egory* 1. tolist()
est = test_datal ‘Incident Description ].colise()

Jotast = tast_datal Unified category’ ) tolise()

Converting the category labels to numerical format
Jabed_ancoder = LabeiEncoder()
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# Step 2: Vectorizing the text data using Tidfectorizer
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# Step 4: Making predictions on the test data
Y_pred = svn_model..predict(x_test_vactors)

Converting numerical prediceions back <o category lsbels
J_pred_labels 2 encoder. inverse_transforn(y_pred)

# Step 6: Evaluating the model
sccuracy = sccuracy.score(y_test, y_pred_labels)
print("Accuracy:", accuracy)

#Classification report for more detailed performance metrics
prin(classification_report(y_test, y_pred_labels))

Random Forest
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# Step 1: Converting the category labels to numerical format

label_encoder = Labelencoder()

y_xraln enceded - lsbei_ancodar. fit_sranstorn(y. train)
coded = label_ancoder.tranzrorm(y_te:

# Step 2: Vectorizing the text data using Teidevectorizer

X test_vectors = vectorizer.transform(x_te
# Step 3: Creating and training the Random Forest model

Fandon_forest_model o
random_forest_model. fit(X_train_vectors, y_train_encoded)

# Step 4: Making predictions on the test das
S & e e e

, retur_sequences=True, kemel_regularizer=12(8.21)))

Figure 16: GRU Model

Figure 17: Logistic Regression Model
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Figure 18: SVM model

festures-5000)

. random_states3z)

# Step 5: Converting numerical predictions back to category labels
aa)

pred_labels = label encoder.inverse_transform(y_pre
# Step 6: Evaluating the mod
scsuracy - accuracy_scoralys est, v_pred_labele)
print("Accuracy: 3

lassification re or more detailed performance metrics
print(classification_report(y_test, y_pred_labels))

Figure 19: Random Forest
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