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Analysing Crime Patterns using Machine Learning: A
case study in Chicago

Himanshi Himanshi
x20218001

1 Introduction

Detailed instructions on the hardware, software and programming requirements for im-
plementing this research project are included in this configuration manual:

” Analysing Crime Patterns using Machine Learning: A case study in
Chicago”

2 System Configuration

2.1 Hardware
e Processor: Intel(R) Core(TM) i5-10500 CPU @ 3.10GHz 3.10 GHz

e RAM: 16 GB

System Type: Windows OS, 64-bit

GPU: Intel(R) UHD Graphics 630

Storage: 500 GB HDD

2.2 Software

e Microsoft Excel 2016: This study stored downloaded datasets as csv files (comma
separated values) in this spreadsheet tool provided by Microsoft.

e Anaconda Distribution-Jupyter Notebook: Anaconda distribution’s website
E]provided access to the open source software. R studio or Python can be used
to run machine learning models using platforms like jupyter notebooks, spyder,
or R studio. In this study, exploratory data analysis (EDA), data manipulation,
preprocessing of data, transformation of data, and data visualization were done
using Python (version 3.10.5) on Jupyter notebooks.

e Tableau CRM: Initially, this study made some visualization to know more about
crime patterns using Tableau CRMP| provided by salesforce

Thttps:/ /www.anaconda.com/products/distribution
Zhttps://www.salesforce.com/eu/products/einstein-analytics/overview/



3 Project Development

Python is used exclusively to implement this research work. Pre-processing of data, mer-
ging of all datasets, normalization, and visualization are the initial steps of a research
project.Using Python machine learning libraries such as sk-learn (scikit-learn), pandas,
and keras, predictive modelling is then performed following the data preparation activit-
ies.

3.1 Data Preparation

The pandas (dataframe) and numpy (arrays) libraries are used for data import and data
processing. The pre-processing procedures used for crime dataset are described in the
sections that follow.

This study used Chicago city crime dataset from 2001 to 2021 December.Instead
of downloading one csv file, 8 csv files from different time periods downloaded from
chicago government data portal E| then concatenated them using concat function from
pandas library and formed one dataset having 91,59,279 rows and 22 columns as shown in
Figure[l] The merging of one dataset from different datasets has done to reduce the load of
reading one big csv file of size 8GB and make processing faster.Then using count_nonzero
function present in numpy library is used to get all the null values present in dataset and
there are 2033173 values are present in dataset. This study dropped all the values present
in dataset using dropna function because even after removing them, dataset is enough
values for proper modelling. As per EL Chicago has boundaries with latitude and logitude
as 41.6439,-87.9401; 41.9437,-87.5878 respectively. This study considered only those rows
which comes under this boundary value and removed otherwise. After removing, dataset
has 83,39,817 crime incidents. Dataset contain date column that indicates the date of
crime and also the year column that tells the year of crime incident. To make sure
dataset contains accurate values, this study validate the year column value and year
from date column. To accomplish this, there is a need to create dateTime index using
Datetimelndex function but there is no mismatch present.

Figure 1: Handling of Erroneous data

To study crime pattern based on monthly, weekly and daily data there is a need to

3https://data.cityofchicago.org/Public-Safety /Crimes-2001-to-Present /ijzp-q8t2
“https://boundingbox.klokantech.com/



Table 1: Chicago crime dataset

Attribute Code

Description

Domain

Date

Date when the incident occurred

2001-2021

Primary type

Type of crime

24 different types

Description

Subcategory of the primary description

Narcotics, Theft, battery etc.

Location Description | Description of the location where the incident occurred Text

Arrest Indicates whether an arrest was made Boolean (0,1)
Domestic Indicates whether the incident was domestic-related as defined by the Illinois Domestic Violence Act Boolean (0,1)
District Indicates the police district where the incident occurred. Number
Community area Indicates the community area where the incident occurred Number

X Coordinate

The x coordinate of the location where the incident occurred in State Plane Illinois

Location co-ordinates

Y Coordinate

The y coordinate of the location where the incident occurred in State Plane Illinois

Location co-ordinates

Year Year the incident occurred 2001-2021

Latitude The latitude of the location where the incident occurred. This location is shifted from the actual location for partial redaction but falls on the same block. | Location co-ordinates
Longitude The longitude of the location where the incident occurred. This location is shifted from the actual location for partial redaction but falls on the same block. | Location co-ordinates
Month Month when crime occurred created from date of crime 01-12

dayOfWeek ‘Which day of week crime occurred Monday-Sunday
dayOfMonth Which day of month crime occurred 01-31

dayOfYear ‘Which day of year crime occurred 01-365

weekOfMonth Which week of month crime occurred 01-07

weekOfYear ‘Which week of year crime occurred 01-53

create new columns like month, dayOfWeek, dayOfMonth, and weekOfMonth(wom) from
date column present in dataset. Crime dataset is pretty big and there may be possibility
of duplication in dataset therefore, in this study, drop_duplicates method has used to drop
duplicate value which identified by ID and case_number column. As a result of this step,
16,66,851 rows were remove from dataset. There are many irrelevant columns present
in dataset like updatedOn, Location because dataset has latitude and longitude columns
available, ID and case number so using drop method these columns have been removed
from dataset as shown in Figure[2] After removing and creating multiple columns, Chicago
crime dataset is shown in TabldIl

columns like weekOfMonth (wom)
chicago df.index.month

'] = chicago_df.index.dayofweek

1 = chicago_df.index.day

chicago df[ ] = chicago_df.index.dayofyear
chicago_df['s th'] = chicago_df.dayOfMonth.apply(lambda d:
dayCfYear = list(chicago_df.index.dayofyear)

weekOfYear = [math.ceil{i/7) for i in dayOfYear]

chicago_df[" zar'] = weekOfYear

#de-du

day0OfWeek, dayOfMonth,

#we'll cre e DEW
chicago df['F
chicago df

chicage df[

month,

-1 // T+ 1)

1 of data

print | s:', chicago_df.shape[0])
chicago df.drop_duplicates(subset=['ID’, Case Number'], inplace=True)
print( aplication:', chicago df.shape[0])

#Drop
chicago df.drop(['L

chicage_df.drop(['I
chicago_df.drop (['Upd:

axis=1l, inplace=True)
r'], axis=l, inplace=True)

inplace=True)

, axris=l1,

Figure 2: Data Transformation

3.2 Feature Engineering

Before applying the models to the data, effective feature engineering [Palanivinayagam
et al. (2021) helps the models perform better and reduce any potential errors. These
engineering procedures were carried out in two steps: normalizing to handle the numerical
features and feature selection to choose the best features.

3.2.1 Feature Selection

There is a need to make data appropriate to predict with great accuracy. Therefore,
feature selection is a technique to take highly relevant features in dataset and drop others.
There is a column present in Chicago crime dataset i.e. Primary type which signifies the
type of crime like theft, robbery , assault etc. Initially it was 35 types of crime but there




are some primary crimes which occurs frequently like theft, battery, criminal damage,
narcotics etc. and in contrast crime like ritualism, non-criminal are less in number as
shown in Figure [3] so, this study has dropped these crime and treat them as outliers.
A few hundred rows are dropped, and since this is a categorical feature, the problem’s
complexity is also decreased.

#Checking Primar £ crime
plt.figure(figsize=(3
chicage df.groupby([c
ple.vicle(
plt.ylabel
plt.xlabel ('
plt.show()
chicago df['P

Type'11) .size() .sort_values (ascending=True) .plot (kind='bazh')

].value_counts (normalize=True)

ess in numbers

hicago_df.shape [(

chicago_¢ P v Type'] = chicago df

chicago df = go_df[ (chicago_df
(chicago_df[

astype (str)

(chicago_df[
(chicago_af[
(chicago_dfl
(chicago_af[
(chicage df[
(chicago_df['Pr

Figure 3: Primary Types of Crime

There is a column Location Description which signifies the specific area where crime
happened and there are more than 200 different types of location but this study considered
only top 50 locations where maximum crime happened and considered othere locations
as outliers so after removing locations 65,17,971 rows left in dataset. Similarly, only top
100 location descriptions were considered by this study. This study check the number
of crimes happened on district level and found out that there are 27 districts present in
Chicago city but out of those four districts have nearly zero crime rate so, we dropped
all the rows related to those districts.77 different community sections are available. A
different hue is used to represent each neighborhood. The crime rate in Community Area
Number 25 is extremely high. 0.0 has an incorrect community area (community areas
should be from 1-77). This study removed these rows as mentioned in Figure . After
handling outliers, final dataset has 6259111 rows and 24 columns.

3.2.2 Normalization

The MinMaxScalar module in Python was used for normalization, as shown in Figure [f

3.3 Data Modelling

The machine learning scikit libraries for Python were used for modelling. For modelling,
the libraries keras, tensorflow, random forest regressor, and linear regression were utilized.
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plt.figure (figsize=(s,10))

chicago_df.groupby ([chicago df ['Location Description']]).size().sors_values(ascending=True) [-70:].plot (kind='barn')
ple.citle( locat
plt.ylabel(
plt.xlabel(
PLt.snow ()

#Getting to maximum crime happened
topSOLocations = list(chicago_df.groupby ([chicago_df [
print( rows:', chicago_df.shap
chicago icago_df[chicage_af['Lc
print('®

on'11).size() . sort_values (ascending=True) [-50:] . index)

1.isin(topSolecations)]
cago_df.shape[0])

v this study
oupby ( [chicago_df['D 2'11) .size () .s0rt_values (ascending=True) [-100:] . index)
plt.figu:
chicago_df.
Plt.citle('s
plt.ylabel(
plt.xlabel(
plt.show()

ct'11).size() .sorc_values (ascending=True) .plot (kind='bazn')

chicago,_¢
print('Rows af

. chicago_df.shape[0])

Figure 4: Handling Outliers

from sklearn.preprocessing import MEnMaxScaler
# Dgta Normalization using MinMaxScaler

sc = MinMaxScaler(feature _ranges = (8, 1))
training_data = sc.fit_transform(training_set)

#5liding Function
seq length = &
%, ¥ = sliding windows_Dataloader{training_data, seq_length)

Figure 5: Feature Scaling using MinMaxScaler

3.3.1 Data Split

The dataset has split between training dataset and validating dataset. For Arima, LSTM
and Random Forest regression data split has done train-test as 80 and 20 respectively.For
moving average and CNN-LSTM models data from January 2001 to 2020 December has
kept under training dataset and data from 2021 January to 2021 December kept under
validation dataset.

3.3.2 ARIMA

Arima model was performed by aggregating the number of crimes per month for all
years as shown in Figure [6]After that, stationarity of model has checked to make sure
that mean and variance of time series does not vary over time. It was developed a new
stationarity function that would run the Dickey-Fuller test. statistic value is greater than
critical value, that means time series is stationary. We made interactive plot to check the
pattern over different period of time. Then splitting of dataset into train and test datasets
has done as shown in Figure [/l As illustrated in Figure 6, the ARIMA model for this
study was created with order (0,1,3) and fitted using pmdarima library.Next,.predict()
predicts the number of additional time steps. ARIMA model was evaluated on the basis
of RMSE MAE and R2 score.

3.3.3 LSTM Model

Second Model was LSTM and Dickey Fuller testwas used to check the stationarity of data
and then we plot the responses for different events and regions as shown in Figure [0] Num-
ber of epochs kept 2500, learning rate as 0.01, number of hidden layers as 4 and total



# resample into Months

plt.plot(df.resanple('n’).size())

plt.title( 'Crimes Count Per Honth')

plt.xlabel( Months")

plt.ylabel( Number of Crimes’)

# aggregating the number of cases per month for all years
ts_df - pd.DataFrame(df.resample('M').size().reset_index())

s df.columns - ['Date’, 'Crime Count'] # renaming the columns
ts_df.head()
ts_df - ts_df.set_index('Date’)

from statsmodels.tsa.stattools import adfuller

def adf_test(timeseries
print (’'Results of Dickey-Fuller Test:
dftest - adfuller(timeseries, autolag-"AIC')
dfoutput - pd.Series(dftest[8:4], index-['Test Stati:
for key,value in dftest[4].items():

dfoutput[*Critical Value (%s)%key] = value

print (dfoutput)

adf_test(ts_df['Crime Count'])

tic*, 'p-value', '#lags Used','Number of Observations Used'])

# plot interactive slider chart
fig - px.line(ts_df, x-'Date’,y-'Crime Count’, title-

‘Crime count')

Fig.update xaxes(
rangeslider_visible =True,
rangeselector=di
buttons=1ist([
dict(count=1, labe

", step="year"
dict(count=2, 1abe

", step="year", stepnode="backuard") ,

Fig. shou()

Figure 6: Data Resampling and Stationarity Check

# splitting into train and test set
train - ts_df[:181]

test = ts_df[181:]
print(train.shape)
print(test.shape)

#Data plotting

plt.plot(train)

plt.plot(test)
autocorrelation_plot(train)
plot_pacf(train,lags=28)

#hodelLing

model - pm.auto_arima(train,m-12,start_p-a,start_
error_action="ignore’, tes
trace=True, stepuise=True)

model. summary()

#Predictions

prediction = pd.DataFrame(nodel.predict(n_periods=71),index = test.index,columns =['Predicted Crime Count'])
prediction

test

# plot the predictions

plt.plot(train, label ='Train’)

plt.plot(test['Crime Count'], label-'Test')
plt.plot(prediction, label-'Prediction’)
plt.xlabel('Year')

plt.ylabel("Count’)

plt.title('Plotting Train vs Test vs Predicted Crime rate’)
plt.legend()

plt. show()

# calculate error
test['arina_error'] = test['Crime Count'] - prediction['Predicted Crime Count']

rmse - np.sqrt(np.mean(test.arima_error*+2)).round(2)

mape = np.round(np.mean(np. abs (168*(test.arima_error/test['Crime Count'1)}, 8))
mae=np.mean(np. abs(test.arina_error))

r2 = r2_score(test['Crime Count'], prediction['Predicted Crime Count’])
print(‘RHSE = $', rmse)

print(‘mae: %f' % mae)

print('Test R2: %.3f' % r2)

Figure 7: ARIMA Modelling



number of layers are 1 as shown in Figure [0l This study has noticed that loss value
remains same after 13th iteration. Actuals vs Predicts plot is mentioned in Figure

Chicago Crime Train/Test Split

2002-05 2008-09 201012 2015-04 2019-08
Time

LSTM Prediction
— Truth

~\
7 /\ Prediction

22000 [ / /\ [
£ 20000 J f ;/
5
3
(s}
P
E 18000 ﬁ\
E
Q
18000
14000

2016-01 2016-11 2017-09 2018-07 2019-05 2020-03
Time:

Figure 8: Actual vs Prediction plot

3.3.4 Random Forest Regression

Another model for rpredicting time series of crime in Chicago is random forest regression.
Grouping of crime data is done by year and month value. First we need to convert our
time series dataset into a supervised machine learning dataset |E| then splitting of data
into train and test dataset has done. This study applied random forest regression using
RandomForestRegressor method present in sklearn.ensemble library in python as shown
in Figure [11] Plot for Actual vs prediction value has mentioned in Figure

3.3.5 Moving Average Models

Moving Average model was performed on Chicago crime prediction on the basis of
monthly, weekly and daily crime data of different districts present in Chicago city as
shown in Figure A moving average (MA) is a indicator that is frequently used in
technical analysis. It creates a continuously updated average to assist smooth out data.
There are three types of moving average performed in this study. First is Simple Moving
average as shown in Figure [I7] then weighted moving average has performed as shown
in Figure [I4 and at last exponential moving average has performed as mentioned in
Figure [15] over crime date distributed as district wise.

Shttps://machinelearningmastery.com /random-forest-for-time-series-forecasting/



sns.set_theme (style="darkgrid")

fig, ax - plt.subplots(figsize=(12, 6))

# PLot the responses for different events and regions

sns.lineplot(data=training_set, linewidth-2, ax-ax, legend=None)

ax.set_xlabel( ‘Honths")
ax.set_xticklabels(['2001-05",°2802-85,'20@6-07','2010-09",'2014-12",°2019-02",'2021-05"])
ax.set_ylabel('Crime Counts')

ax.set_title('Chicago Crime Counts Time Series')

def sliding windous_Dataloader(data, seq_length):
=]
Y=k
for 1 in range(len(data)-seq_length-1):
_x = data[i:(i+seq_length)]
Ty = datali+seq_length]
X.append(_x)
y-2ppend(_y)
* print (X", x, "\mniny”,y)
return np.array(x),np.array(y)
from sklearn.preprocessing import Mintaxscaler
# Data Normalization using MinMaxScaler
sc = MinMaxScaler(feature_range = (8, 1))
training_data - sc.fit_transform(training set)

#5liding Function
seq_length - 6
X, y = sliding_windows_DataLoader(training_data, seq_length)

# train / test split

train_size - int(len(y) * ©.70)

test_size - len(y) - train size
print('train_size:',train_size," test_size:',test_size)

# ndarray => tensor
dataX = torch.Tensor(np.array(x))
datay - torch.Tensor(np.array(y))

trainX, trainY - torch.Tensor(np.array(x[@:train_size])), torch.Tensor(np.array(y[e:train_size]))
testX, testY = torch.Tensor(np.array(x[train_size:len(x)1)), torch.Tensor(np.array(y[train_size:len(y)

Figure 9: LSTM Modelling

return out

class optimization:
def _3

init_(self, model, loss_fn, optimizer):
Self.model = model

def train_step(self, x, ¥):

# Sets model to train mode

self.model. train()

kes predictions

self.nodel(x)
# Camputes Loss
loss = self.loss_fn(y, yhat)
# Computes gradients
loss.backward()
# Updates parameters and zeroes gradients
self.optinizer.step()
self.optinizer.zero_grad()

return loss.item()

In [ I: num_epochs = 2508
learning_rate = a.01

input_size =
hidden_size
nun_layers

nun_classes = 1
1stm = LsTM(nun_classes, input_size, hidden_size, num_layers)
criterion - torch.nn.MSELoSS()  # mean-squared error for regression

optimizer - torch.optin.Adam(1stm.paraneters(), lr-learning rate)
#optimizer = torch.opti.SGD(Lstm.parameters(), Lrslearning rate)

# Train the model

for epoch in range(nun_epochs):
outputs - Lstm(traink)
optinizer,zero_grad()

# obtain the Loss function
loss - criterion(outputs, trainy)

Loss.backuard()
optinizer. step()
if epoch % 100

print(“Epoch: %d,

st X1.5¢" % (epoch, loss.item()))

# Predict on testing dataset
with torch.no_grad(}:
stn.eval()

train_predict - lstn(datax)

Figure 10: LSTM Prediction



1: |# transform a tine series dotoset into o supervised Learning datoset

def series_to_supervised(data, n_in=1, n_out=1, drcpnansTrue):
n_vars = 1 if type(dsta) is list else data.shape[1]

atarrane(data)

cols = list()

& input sequence (t-n, ... t-1)

for i in range(n_in, @, -1
cols.append(df .shift(i))

# forecast sequence (t, £+1, ... ten)

for 1 in range(s, n_out)
€ols. append(df.shift(-1))

& put it all toget

age = concaticols, axis-1)

# drop rows with NaN values

if dropnan:
2gg.dropna(inplace-True)

return agg.values

In [17]: # split o univariate dataset into train/test sets

def train_test_split(data, n_test):
return data[:-n_test, :], dats[-n_test:, :]

In [18]: # Fit an random forest model and make o one step prediction
def random_forest_forecast(train, testx):
# tronsforn List into orray
train = asarray(train)
# split inta input and output columns
traink, trainy = train[:, :-1], train[z, -1]
# Fit model
model = RandomForestRegressor(n_estinators=100e)
model. FIt(trainx, trainy)
# make a one-step prediction
yhat = medel.predict([testx])
return yhat[e]

In [38]: # wolk-forward validetion for univariate data
def walk forward validation(dats, n_test):
predictions = list()
# split dataset
train, test - train_test split(data, n_test)
# seed history with tratning dataset
histery = [x for x in train]
# Step over each time-step in the test set
for 1 in range(len(test)):
# split test row into input and output columns
est[i, i-1], test[l, -1]
n history and moke o prediction
yhat = random_forest_forecast(history, testx)
# store forecast in List of predictions
predictions.append(yhat)
# add actugl observation to history for the next Loop
history.append(test[1])

summarize progre

esc
print(’>expected=%.1f, predicted=%.1f' ¥ (testy, yhat))
.# estimate predi. r

error = mean_absolute_error(test[:, -1], predictions)

“rmse = sqrt(mean_squared_error(test[:, -11, predictions))
return error, test[:, -1], predictions,rnse

fiction error

Figure 11: Random Forest Regression Modelling

—— Expected
Predicted

22000

20000

15000 1

16000 1

14000 1

Figure 12: Random Forest Actual vs Prediction plot



In [ 1: | #5pLitting of Train and test data
data_tr = chicago_df.loc[*2ee1-e1-01" : '2828-1.
dats_test = chicago_df.loc['2e21-61-01':'2821-12-

2.31"]
31']

In [ 1: | #List of unique districts
listofplst - list(chicage_df[ 'District’].unique())
In [ 1: | #Grouping of train data bosed on districts
train_d
for district in listofist
If - data_trldata_trl'District’] == district]
df_gr = df.groupby(['vear', 'Month']).count(}
train_d.append(1ist(df_er[ ‘Date’].values))
1 [ 1: | #Grbuping of test dota based on dist
testd - []
for district In listofbist:
i = data_test[data test['District’] == gistrict]
df_er = df.groupby ([ 'Honth'1).count ()}
test_d.append(1ist(df_gr[‘Date’].values))
In [ ]: | #staple moving Average

fron sklearn.metrics import mean_sbsolute_error, mean_squared_error, r2_score

# walk forwara over time steps
for distum in range(len(train d)):

time steps in test

nistery - train_didisthum]
test - test_d[disthum]
preds = [1
for t in range(len(test)):
length = lenghistory)
yhat = mean([history[1] for 1 in range(length - window, length)l)
obs - test[t]
preds. sppend(ynat)
history.append(obs)

print('District: {}'.format(distnums1))
print(‘Actuals: {}'.format(test))
print('Predictions: {}'.format(preds))
# plot

plt.plot(test)
plt.plot(preds, color=
pIt.show()

red')

testTot = testTot + test
predTot = prediot + preds
rmse = sqrt(mean_squared_error(predTot, testrot))
mae-mean_absolute_error(predTot, testTot)

%.3f' % rmse)

print('Test
% nae)

print('Test

Figure 13: Simple Moving Average model for Monthly Prediction

#neighted woving Average
# prepare situgtion
window = 5

predrot = 1ist()

testTot = list()
# walk forward over time steps in test
for disthum in rangs(len(train_d)):

history = train_d[disthun]
test = test_d[disthun]
preds = [1
for t in range(len(test)):
length = len(history)
yhat = np.average([history[i] for i in range(length - window, length)], weights=[1,2,3,4,51)
obs = test[t]
preds. append(yhat)
history.append(obs)

.format (distiuns1))
format(test)
{}*.format(preds))

print(pistrict
print( ‘Actuals
print( ‘Pregiction
# plot
plt.plot(test)
plt.plot(preds, color='red')
plt.show()

testTot - testTot + test
prediot = prediot + preds
rnse - sgqrt(mean_squared_error(prediot, testrot))
mac-mean_absolute_error (predrot, testiot)

3F' % rmse)
% mae)

print(‘Test
print(Test

Figure 14: Weighted Moving Average model for month wise prediction
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In [ ]: | #Exponenti

L moving Average

over time steps in test
for gisthum in range(len(train_d)):

history = train_d[disthun]
test - test_dldisthum]
preds = [
lastPred - @
for t in range(len(test)):
ynat = ((1-alpha)*lastPred + (alpha*history[-11))
lestered = yhat
obs = test[t]
preds. append (yhat)
history.append{abs)

print('pistrict: {}'.format(distnums1))
print(*Actusl: fornat{test))
print('Predic {}'.format(preds))

# plot
plt.plot(test)
plt.plot(prads, colo
plt.show()

red”)

testTot = testTot + test

predTot = predTot + preds

- sart(mean_squared_error(prediot, testrot))
—nean_sbsolute_error(predTot, testTot)

print(Test fuse: .3 X rnse)
print(*Test MAE: ¥.3f' % mae)

Figure 15: Exponential Moving Average model for month wise prediction

District wise predictions for a week

[164]: data_tr = chicago_df.loc[*2081-21-81'

2020-12.31']
data_test - chicago_df.loc['2821-61-91

'2021-12-31']

In [165]: 1listefoist = list(chicago_df['Di:

t* ].unique())

[1e6]: traind = []
for district in listofoist
If = data_tr[data_tr["District’]

district]
df_gr = df .groupby(['vesr', ‘week

ear’]).count()
train_d.append(11st(df_gr[ Date’].values))

[1e7]: test d = []
for district in listofoist
If = data_test[data_test['District'] == district]
df_gr = dF.groupby([ 'weekofrear’]).count ()
test_d.append(11st(df_gr[ 'Date'].values))

Simple Moving Average

[108]: |# prepare situation
window = 5
predrot = 1ist()
testTot = Iist()
# walk forward over time steps fn test
for distuum in range(len(train_d))

history = train d[distuun]
test = test_d[distnum]
preds = []
for t in range(len(test)):

length = len(history)

mean([history[i] for i in range(length - window, length)])

test[t]
preds.append(yhat)
history.append(obs)

# plot
pIt.plot(test)
pit.plot(preds, colo
pIt. show()

red)

testTot = testiot 4+ test

predrot - prediot + preds
rnse = sqrt(mean_squared_error{predict, testTot))
mae=mean_absolute_error(predTot, testTot)

print(*Test
print(*Test

Figure 16: Simple Moving Average model for week wise Prediction
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Weighted Moving Average

# prepare

epa tugtion
window s
predrot = list()

testTot st()
# walk forward over time steps i
for disthum in range(len(train_d)

history = train d[distNum]
test - test_d[distuum]
preds = []
for t in range(len(test)):
length = len(history)
yhat = np.average([history[i] for i in range(length - window, length)], weights=[1,2,3,4,51)
obs = test[t]
preds.append(yhat)
history.append(cbs)

# plot

plt.plot(test)
plt.plot(preds, color='red*)
plt.show()

testTot - testTot + test

prediot = prediot + preds
rmse = sgrt(mean_squared_error(predTot, testTot))
mae=mean_absolute_error(predTot, testTot)

print(‘Test
print(‘Test »

%37 % rmse)
L3 % mae)

El

Figure 17: Weighted Moving Average model for Week wise Prediction

Exponential moving average

-
# walk forward over time steps in test
for disthum in range(len(train d)):

history = train_d[disthun]
test = test_d[disthun]
preds = []
lastersd - &
for t in range(len(test)):
yhat = ((1-alpha)*lastered + (slphs*history[-1]))
lastPred = yhat
obs = test[t]
preds. append(yhat)
history.append(obs)

# plot

plt.plot(test)
plt.plot(preds, color='red")
plt.show()

testTot
pregTot
rmse -

testTot + test

predTot + preds
sart(mean_squared_error(predTot, testTot))
mae-mean_absolute_errer(predrot, testret)

print( Test R
print(*Test

20

Figure 18: Exponential Moving Average model for Week wise Prediction
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District wise predictions for a day

ey [ 'l

h - window, Length)]}

prods.appandiyhat]
i ~appesd{ubs)

[£] for L in rangoilength - windos, length)], welghtse[1,2,3,4,57)

peadTat, tastiot) *& .5
vor)

Exponential Moving average

3 + falpbathistory]-1]))

prods append(yhat}
history. appesd(abs)

Figure 19: Simple/Weighted /Exponential Moving Average model for day wise Prediction
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3.3.6 LSTM Models for district wise prediction

LSTM models are performed to get more accurate prediction of Chicago crime rate on
the basis of different districts present in Chicago city. Three types of LSTM models
has performed in this study which are unidirectional LSTM as shown in Figure 23], bi-
directional ISTM model as shown in Figure and CNN LSTM model as shown in
Figure

windo
predTot
testTot

n(train_d))):

history = train d[distnun]

test - test_d[disthum]

preds = []

for t in tqdm_notebook(range(len(test}), leave-False):

length = len(history)

mpLes
uence(history, window)

imesteps] into [samples

- sequential()

model.add(LSTM(58, activation-'relu’, input_shape-(window, n_features)))
model. add(Dense(1))

model. compile(optimizer="adam’, loss="mse')

# fit model

model. fFit(X, v, epochs=268, verbose=a)

X_test = array([histery[1] for i in range(length-window, length)])
_test - x_test.reshape((1, window, n_features))
yhat = model.predict(x_test, verbose=s)

obs = test[t]
oreds. append(yhat. reshape((1,)))
history.append(obs)

. format (disthum+1))
format(test))
{}'.format(preds))

# plot

plt.plot(test)
plt.plot(preds, color='red')
plt.show()

testTot = testTot + test

precTot - predTot + preds
rmse = sgrt(mean_squared_error{predTot, testTot))
mae-mean_absolute_error(predTot, testTot)

print(‘Test AMSE:
print(‘Test mag

Figure 20: Uni-directional LSTM model for month wise Prediction
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#bi-girectionol LSTM for month wise prediction
# prepare situgtion

window = 3

predrot = list()
testTot = 1ist()

# walk forward over time steps in test

for Gisthun in tgem_notebook(range(len(train_d)}):

history = train_d[disthun]
test = test_d[disthum]

preds = []

for t in tqdn notebook(range(len(test)), leave=False):

length = len(history)
split into samples
, ¥ = split_sequence(history, window)

# reshape from [somples, timesteps] into [samples, timesteps, features]
n_features = 1
- X.reshape((X.shape[2], X.shape[1], n_features))

model - Sequential()
nodel.add(eidirectional (LSTM(Se, activation='relu’), input shape=(uindow, n_features)))

nodel. add(Dense(1))
nodel . compile(optin

r="adan’, loss='mse')

# fit model

nodel. Fit(X, y, epochs=202, verbose-8)

X_test - array([histery[i] for I in rangs(length-window, length)])
X test = X_test.reshape((1, window, n_festures))

yhat = eodel.predict(X_test, verbose=2)

abs - test[t]
preds.append(yhat.reshape((1,)))
history.append(chs)

preds_new [1[9] fur- i in preds]

print{'pistrict: {}'.format(distiuma})

print(‘Actuals: {3’ fumat(test))
{}'.format(preds_new))

# plot
plt.plot(test)
plt.plot(preds_new, coler='red')
plt.show()

testTot - testTot + test
predTot - predTot + preds_new
rmse - sqrt{mean_squared_error{predTot, testiot))
mae=mean_sbsolute error(predrot, testiot)

print(*Test RUSE: %3¢ % rmse)
print(*Test MAE: %.3f' % mae)

Figure 21: bi-directional LSTM model for month wise prediction

-LsT for month wise prediction|

m[ 1z
# prepare situgtion
windom = 4
predTot = list()

testTot = list()

# walk forward over time steps in test
for distuum in tqdm_notebook(range(len{train_d))):

history - train_d[disthun]
test = test_dfdistnum]

preds = []
for t in todn_notebook(range(len(test)), leavesfalse):
length = len(history)

# split into somples
X, y = split_sequence(history, window)
# reshape from [samples, timesteps] into [samples, subsequences, timesteps,
n_features = 1
n_seq -

n_steps -

X = X.reshape((x.shape[a], n_seq, n_steps, n_features))

model = Sequentisl()

model .add(TimeDistributed{Convip(filters=g4, kernel_size-1, activation='relu'), input_shape-(None, n_steps, n_features))
model. add{ TimeDistributed{MaxFoolinglD{pool_size=2)))
model . add(Tineistributed(Flatten()))
model.add(LSTM(5@, activation='relu’))

model .add(Dense(1))

mogel. compile(optimizer="agsn’, 1oss='mse')

# Fit model
model. fit(X, y, epochs=588, verbose=a)

X_test = array([history[i] for i in range(length-window, length)])
X_test = X_test.reshape((1, n_seq, n_steps, n_features))

yhat = model.predict(x_test, verbose-2)

obs = test[t]
preds. append{yhat.reshape((1,)))
history.append(obs)

preds_new = [i[e] for i in preds]
print(*District: {}'.fornat(disthume1))
print(*actusls: {}'.format(test))
print(*predictions: {}'.format(preds_new))

# plot
plt.plot(test)
plt.plot{preds_new, color='red')
plt.shon()

testlot = testTot + test
predTot - predTot - preds_new
Fmse - sqrt(mean_squared_error{predTot, testTot))
mae=nean_sbsolute_error(predrot, testro

print(‘Test ANSE: %.3F' % rmse)
print(‘Test MaE: %.3F' % mae)

Figure 22: CNN-LSTM model for month wise prediction
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nal LSTM for month wise prediction

#uridire
# prepare situation
window = 3
predTot = list()

testTot - list()
# wolk forward over time steps in test
for disthum in tqdm_notebook(range(len(train_d)}):

history - train_d[disthun]

test = test d[distrum]

preds - []

for t in tqdm_notebook(range(len(test)), leaveralse):

length = len(history)

it into somples
split_sequence(history, window)

# define model
model = Sequential()

model.add(LsTM(se, activation='relu’, input_shapes(window, n_features)})
model. add(Dense(1))

model. compile(optimizer="adsn’, loss="mse')

# fit model

model. fit(X, ¥, epochs-208, verbose-2)

¥_test = array([histery[i] for 1 in range(length-window, length)])
¥ test - X_test.reshape((1, window, n_features)
yhat - model.predict(x_test, verbose=g)

abs - test[t]
oreds. append(yhat . reshape((1,)))
bs)

history.append(ol
{3} .format(disthums1))

{}'.format(test))
: {}'.format(preds))

print("Distric
print(*Actuals
print(*prediction

# plot
plt.plot(test)
plt.plot(preds, color='red')
plt.show()

testTot = testTot + test
predTot = prediot + preds
sqrt(mean_squared_error(predTot, testTot))
t)

rmse
an_sbsolute_error(predrot, testTo

mae=

print(‘Test ANSE: %.3f' % rmse)
print(‘Test MAE: X%.3f' % mae)

Figure 23: Uni-directional LSTM model for week wise Prediction

e prediction

predrot = list()
testTot = 1ist()

# walk forward over time steps in test
for Gisthun in tgem_notebook(range(len(train_d)}):

history = train_d[disthun]

test - test_d[disthun]

preds = []

for t in tqdn notebook(range(len(test)), leave=False):
length = len(history)

Lit into samples
- split_sequence(history, window)

<48

timesteps, features]

timesteps] into [sampl

n_features = 1
X = X.reshape((X.shape[e], X.shape[1], n_features))

model - Sequential()
nodel.add(eidirectional (LSTM(Se, activation='relu’), input shape=(uindow, n_features)))
nodel. add(Dense(1))

model. compile{optim ‘adam’, loss=‘mse')

# fit model
nodel. Fit(X, y, epochs=202, verbose-8)

X_test - array([histery[i] for I in rangs(length-window, length)])
X test = X_test.reshape((1, window, n_festures))

yhat = eodel.predict(X_test, verbose=2)

abs - test[t]
preds.append(yhat.reshape((1,)))

history.append(chs)
[i[e] for i in preds]
print(‘pistrict: {}'.format(disthum1))

print(*Actuals: {}'.format(test))
orint('Predictions: {}'.format(preds_new))

preds_new -

# plot
plt.plot(test)
plt.plot(preds_new, coler='red')
plt.show()

testTot - testTot + test
predTot - predTot + preds_new
rmse - sqrt(mean_squared_error(predrot, testiot))
mae=mean_sbsolute error(predrot, testiot

print("Test AMSE: %.3F' % rmse)
print("Test MAE: .3 X mae)

Figure 24: bi-directional LSTM model for week wise prediction
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In [ ]: | #CWW-LSTH for month wise predictior|
# prepare situation
windon =
predTot = 1ist()
testTot = list()

5

# wolk forward over time steps in test
for distuun in tqdn_notebook(range(len(train_d))):

history = train_d[disthun]
test - test_d[distrum]

preds = [
for t in todn_notebook(rangs(len(test)), leavesFalse):
1ength = len(history)

# split into somples
X, ¥ = split_sequence(history, window)

# reshape from [somples, timesteps] into (samples, subsequences, timesteps, features]
n_features = 1

n_seg = 2

n_steps - 2

X = X.reshape((X.shape[2], n_seq, n_steps, n_features))

model - Sequential()

model . add( TimeD1 StribUted(HaXPOO1ngIDpon]_Size=2)))
model . add(TimeDistributed(Flattan()))

model. add(LsTH(se, activations"relu'))

model . add(Dense(1))

model. conpile(optimizer="adan’, loss='mse')

# fit model

model. Fit(X, v, epochs=see, verbose=e)
X_test = array([history[i] for i in renge(length-window, length)])
C X_test.reshape((1, n_seq, n_steps, n_festures))

vhat = model.predict(X test, verbose=g)

obs - test[t]
preds. append{yhat.reshape((1,)))
history.append(obs)

preds_new = [i[e] for i in preds]
print(*District: {}'.formst(disthun+1))
print(*actuals: {}'.format(test))
print(*Predictions: {}'.fornat(preds_new))

plt.plot(test)
plt.plot(preds_new, color='red')
plt.show()

testTot - testTot + test

predTot = predTot + preds_new
rmse - sqrt(nean_squared_error(prediot, testTot))
mae=nean_sbsolute_error(predTot, testTot)

print(‘Test RMSE: %.3f' % rmse)
print(*Test MAE: %.3f' X mae)

model .add{ TimeDistributed{ConviD(filters=54, kernel size-1, activation='relu'), input_shape=(None, n_steps, n_features))

Figure 25: CNN-LSTM model for week wise prediction

Blini-directionol LSTM for weskly prediction

# prepare situatton

prediot = 1ist()
testTot = list{)

o walk f

for disthum in tgdn_notebook(range(len(train_d})}:

ver time steps in test

history = train_d[distHum]

test = test d[distHun]

preds = (]

for t in tqdn_notebook(range(len(test)), leavesFalse)

length = len{history)

timesteps, featur

X = X.reshape((X.shape[B], X.shape[1], n_features)}

¥ define model
nodel = Sequential(}
nodel. add(LSTM{ 5@, activation
nodel. 2dd(Dense(1))
nodel. conpile(optinizer="adan', loss='mse’)

', 1nput_shapes=(window, n_features)))

Fit madel

nodel. FLL(X, ¥, epoch

58, verbose=2)

%_test = array{[history[i] for I in range(length-window, length)]}
X _test = X_test.reshape((1, window, n_features))

yhat = model.predict(X_test, verbose=g)

obs = test[t]
preds. sppendiyhat reshape((1,)})
histery. zppend{ohs)

-Format {disthum=1))
} - Fornat(test))
{} -format(preds))

print("actu
print{'Predict

& ptot
plt.plot(test)
plt.plot (reds, colo
plt. show()

testTot stTot + test
predTot = predTot + preds

rase = sort(mean_squared_ecror(predTot, testTot))

mae=nean_sbsolute_error{predTot, LestTot)

print( 'Test RMSE: X.3%' X rmse)
PrINL( Test MAE ‘% mas)

Figure 26: Uni-directional LSTM model for day wise
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#BE-directional LSTM for weskly prediction

window = 3
prediot = 1ist()
test¥or = 1ist()

# walk forward cver time steps in Cest
for disthun in Tqdn_notebook(range(len{train_g))):

history = train_d[dEstNum)
test = test_d[distHua]

preds = []

For t in tqdn_notebook(range(len{test)}, leave=False)

length = lenghistory)

# split into somples
X, y = splil_sequence(history, windew)

# reshape from [sumples, fimesteps] (nto [samples, timesteps, featur

n_festures = 1
X = X.reshape({X.shape[8], X.shape[1], n_features)}

model = Sequential()
model.20d(Bidirectional (LSTM(58, activatio
node 1. add{Dense1))

nodel.compile{optinizer="adan’, loss='mse’}

window, n_features)))

relu’ ), input_shap

¥ Fit model
nodel.Fit(X, y, epochs=200, verbose=g)

X_test = array([histery[i] for I in range(length-window, length)])
X_test = X_test.reshape((1, window, n_features))
yhat = model.predict(X_test, verbose=a)

obs = test[t]
preds.append(yhat.reshape((1,3))
histery.append(obs)

preds_new = [i[8] for 1 in preds]
print(District: {}'. Format{disthums1)}
print( Actuals: {}'.format(test})
print('Predictions: {}' format(preds_new))

i plot
pit.plot(test)
plt.plot(preds_new, color='red"}
pit. show(}

testTot = testTot + test

predTot edTot + preds s
rmse = sgri{mean_squared_errer(predTot, testTot))
mae=nean_sbselute_error{predTol, lestTot)

princ( Test AMSE: X.3F' % rmse)
print('Test MAE: X_3%' % nae}

Figure 27: bi-directional LSTM model for day wise prediction

In [ |:|WCHN| LSTH for weehly prediction

8 prepare situstion
window = 4
predTot = 1ist()
testTot = 1ist()

# walk forward over time steps {n Cest
For disthun in tadn_noteboox(range{len(train_d])):

history = train_d[dlsthun]
test = test_d[disthum]

precs

for t in Lodm notebook(range(le

test)), leavesFalse):

Len(nistory)

Lt gnte samples
= split_sequence(history, window)

equences, timesteps, features]

# reshope from [susples, Cimesteps] into [samples, s
n_featur 1

nodel = Sequential()
node]. 2d0(TimeDistributed(ConviD(Filters=62, kernel_size=1, activation
nodel. 200( TimeDistributed(MaxPeolinglD(poal_size=2)})

nodel. ado(TimeDlstributed(Flatten()})

nodel.sdd(LSTM(58, activaticn='relu’))

nodel. ada(Dense(1))

relu'), input_shapes(Nene, n_steps, n_features))

node 1. conpile(optinizer="adan’, loss='mse’}
# Fit model
nodel. FLL(X, ¥, €pochs=SE8, verbose=e)

¥ _test = array([history[£] for © in renge(length-window, length)])
X _test = X_test.reshape((1, n_seq. n_steps, n_teatures))
yhat = model.predict(x_test, verbosess)

obs = test[L]
preds append (yhat _reshape((1, ]}
histary. append(obs )

preds_new = [1[8] for L in preds]
print{"District: {}'.format(disthum+1))
print(‘actuals: {]'.format(test)}
print{"Predictions: {}'.fornat(preds_new))

# ptot
plt.plotitest)
pIt.plotipreds_new, coler='red")
pLt. showi )

testTol = testTot + test
predTot = prediot + preds_new
sgri{meen_squared_error (predTat, testTot))
ean_shsolute error(predTet, LestTot)

rnse

mae=

print{'Test AMSE: X.

% rmse)
print('Test MAE % mag)

Figure 28: CNN-LSTM model for day wise prediction
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