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Configuration Manual

Sankara Subramanian Venkatraman
x18179541

1 Introduction

This configuration manual instructs the user to replicate the research project “Big Data-
driven Performance Improvement of Traffic Flow Prediction and Speed Limit
Classification using Deep Learning”. It represents the storage, databases, software
and hardware requirements, programming languages, and system setup used in the im-
plementation of the research.

2 System Configuration

Data sourced from the United Kingdom website |I| is huge and difficult to processes in the
local system, so, the cloud system is preferred. Out of different cloud platforms Google
Cloud Platform (GCP) |Google Cloud Platform (GCP) documentation| (n.d.) is chosen.

It also provides free promotional credits of 276.60 euros for students shown in Figure [T}

Promotional credits @

€148.43

Remaining credits

Out of £276.60

Remaining credits

€148.43 Free Trial
—) Credit details

Figure 1: Promotional Credits in GCP

2.1 Storage

The raw data sourced from the United Kingdom is stored in the Google Cloud Storage
(GCS) of Google Cloud Platform E| The road safety data from the year 2010 to 2018 for

lhttps://data.gov.uk/dataset/

2
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the United Kingdom is stored in the folder accidents and traffic flow data is stored in
traffic_flow folder. After data pre-processing, the data is stored in cleaned_data folder.

= Google Cloud Platform 3 waficlow predicton @ Search pociucts and esousces - 200 : 6

53 swage © Bucket detals -

traffic-flow-prediction

ooooo .

Figure 2: Google Cloud Storage Bucket

2.2 Hardware

This step can be configured using Navigation Menu —> AI platform —> Notebook
—> New Instance —> Smart Analytics Framework —> DataProc Hub [BETA]
Figure ﬂ The required machine type, memory, CPU cores, GPU type and storage disk
can be configured according to the requirements. The region of the compute engine should
be in the EU according to GDPR. The instance provisioned in GCP compute engine has
the below system configuration shown in the Figure Data Engineering with Google
Cloud Professional Certificate (n.d.)).
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(b) System Configuration

Figure 3: Hardware and System configuration

3
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2.3 Software

The software required for the analysis can also be configured using the option available in
AT Notebook of GCP. Once the instance is provisioned, Jupyter Notebook with PySpark,
Python3 and shell kernels are chosen using DataProc cluster’s configuration option El
Navigation Menu —> Al platform —> Notebook —> OPEN JUPYTERLAB
(Instance name) —> Cluster’s configuration. The DataProc cluster is launched in a
separate instance with Python3, PySpark and shell kernels software installed by default.
Single-node-cluster is provisioned for this research. Finally, the Jupyter notebook with all
the software components required for data cleaning, transformation, feature extraction
and data mining models are obtained and shown in Figure [4]

= Google Cloud Platform  $» traffic-flow-prediction v

&% Alplatform Notebook instances 3 NEW INSTANCE CIREFRESH B START W STOP @ RESET

B A

OPENJUPYTERLAB  curope

aaaaaaa

(a)
— P ® #
= Jupyterhub Dataproc Options L ) e
Cluster's configuration

A p R
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=1 E ¥ ®
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(b) ()

Figure 4: Software requirements

2.4 Database

After the data cleaning and transformation process using SparkSQL, the data is stored in
the PostgreSQL database for Exploratory Data Analysis (EDA) and performing the final
analysis using deep learning models. It can also provisioned in GCP El using the option
SQL —> CREATE INSTANCE —> PostgreSQL (Figure @ The instance name,
password, location, region of data storage and database version can be chosen according
to the requirements. The instance created for the research is shown in Figure

»»»»»

aaaaaaa

Figure 5: Project Instance

4
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5https ://cloud.google.com/sql/docs/postgres/.


 https://cloud.google.com/dataproc/docs/concepts/components/jupyter
https://cloud.google.com/sql/docs/postgres/

= Google Cloud Platform 2 traffic-flow-prediction +

SQL & Create a PostgreSQL instance

«w

Instance info

Instance 1D
Choice is permanent. Use lowercase letters, numbers and hyphens. Start with a letter

Default user password
Set a password for the ‘postgres’ user. A password is required for the user to log in.
Learn more

4 Generate

Location
For better performance, keep your data close to the services that need it
Region Zone
Choice is permanent Can be changed at any time

us-centrall (lowa) - Any -
Database version

PostgreSQL 12 -

Show configuration options

Figure 6: PostgreSQL in GCP

3 Data Preparation and Pre-Processing

Initially, the data downloaded from the United Kingdom website was in zip format for
traffic low data and CSV format for road safety data. Then the data from the zip file
is extracted manually and stored in CSV format. Both, the files are then moved to
GCP storage as mentioned in Section [2.1, Using the Dataproc instance mentioned in
Section and with PySpark, Python3 and shell kernels installed, data cleaning and
transformation is performed. The first part of all 4 .ipynb files uploaded in the code
artefacts is used for data cleaning and transformation. SparkSession is initiated to read
the data from GCS as shown in Figure [7a]

E' THEN 1

(a) SparkSession (b) Spark TempTable

Figure 7: SparkSession and TempTable

Once the data read from GCS, the data is stored in Temporary tables (register-
TempTable), for performing data cleaning and transformation using spark.sql is shown
in Figure [7h] In the next step, the data is stored back to the cleaned _data folder. As

4



the research is carried as 4 experiments, the final tables required for all the experiments
is created in PostgreSQL in prior using Data Definition Language (DDL) function of SQL
shown in Figure [9a] PostgreSQL_DDL_Tables.sql available in the code artefacts is
used to create tables in the PostgreSQL database. Finally, the cleaned transformed data
stored in the GCS is uploaded from the Web UI using the option SQL —> Overview —>
Import —> Source (GCS bucket), Destination (traffic-flow-prediction), Table
(Table Name) as shown in Figure b

= Google Cloud Platform e traffic-flow-prediction v Q  Search products 3|

<
< sa < Import data from Cloud Storage
MASTER INSTANCE Source

B Overien Choose the fle that yout et mport s rom

Databases

=]
& Backups

Destination

£ Replicas

Operations

cLoup sHeLL
S orminal (18179541-mscdab-thesis) X+ +

e nto

Database

raffclowprediction

(a) Postgres Tables (b) Data Load in PostgreSQL

Figure 8: PostgreSQL Tables and Data Load

4 Exploratory Data Analysis

The data stored in PostgreSQL is read through create_engine of sqlalchemy and Psy-
copg2 package of Python3 shown in Figure [ and stored in pandas dataframe. The
second part of .ipynb files is used for Exploratory Data Analysis (EDA). It is carried
using the stats function of scipy module, ADF test is conducted using the module stats-
models.tsa.stattools and analysis are visualized using ticker, pyplot of matplotlib and
seaborn modules. The below codes are designed using Python language only.

s tkr

tattools import adfuller

POSTGRES_PORT
POSTGRES_USERNAVE
POSTGRES_PASSHORD

OSTGRES_USERNAVE ,
OSTGRES_PASSHORD,
GRES_ADDRESS,
OSTGRES_PORT,
=POSTGRES_DBNANE) )

ution at(stats.kurtosis(df. traffic_volune)))
nnnnn ution at(stats. skeu(df. traffic_volume)))

5.910505780256738
2.1918787051662063

(a) Data read from Pandas (b) Exploratory Data Analysis

Figure 9: Pandas data read and Data Analysis



4.1 Experiment-1 Statistical Analysis Results

Figure [10| represents the code for skewness, kurtosis, traffic volume distribution, probab-
ility plot, seasonality from the year 2010 to 2018 without non-traffic parameters.

oooooo

‘ \1;;— — (b)  Traffic Distribution
et without non-traffic paramet- (¢)  Seasonality  Traffic
(a) Skewness and Kurtosis ers Volume 2010-2018

Figure 10: Exploratory Data Analysis Exp-1

4.2 Experiment-2 Statistical Analysis Results

Figure [11] represents the code for skewness, kurtosis, traffic volume distribution, probab-
ility plot, seasonality from the year 2010 to 2018 with non-traffic parameters of weather,
light and road surface conditions. Initially, the skewness value is out of range, due to

outliers, then it has been removed and brought into the range of -10 to 10.

ution:
stribution: 4.922052999538182

uuuuu

uuuuu
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(a) Skewness and Kurtosis
before removing outliers

ooooo
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00000
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(b) Skewness and Kurtosis
after removing outliers

(d)  Seasonality  Traffic
Volume with non-traffic
parameters 2010-2018

[

(c) Traffic Distribution with
non-traffic parameters

Figure 11: Exploratory Data Analysis Exp-2

4.3 Experiment-3 Statistical Analysis Results

Figure [12| represents the code for skewness, kurtosis and seasonality of traffic speed from
the year 2010 to 2018 without non-traffic parameters.
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Figure 12: Exploratory Data Analysis Exp-3

4.4 Experiment-4 Statistical Analysis Results

Figure [13| represents the code for skewness, kurtosis and seasonality of traffic speed from
the year 2010 to 2018 with non-traffic parameters of weather, light and road surface
conditions.

Kurtosis of normal distribution: -©.8315152416169389
Skewness of normal distribution: ©.8364939121572321 — 010 2011 2012 — 2013
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(b) Seasonality of Speed Limit with non-traffic
(a) Skewness and Kurtosis parameters 2010-2018

Figure 13: Exploratory Data Analysis Exp-4

5 Feature Selection

After, data stationary check using the dickey-fuller test, the data is pivoted using pandas
pd.pivot_table and aggregate the traffic flow based on “year” from 2010 to 2018. After
pivoting the data, MinMaxScaler normalization is applied from sklearn.preprocessing
to normalize the data. The data is split into train and test using train_test_split of
sklearn.model_selection. Finally, using reshape of numpy, the data is reshaped from
(data, features) to (training data, time steps, features) and (testing data, time steps,
features). The below code snippets show the pivoting, normalization, train-test split and
reshape feature incorporated in the analysis.

5.1 Experiment-1 Feature Selection

Traffic-only parameter of traffic volume is used in the experiment.



# Converting traffic-volune to time-series based data
import. pandas as pd
inport numpy as np|
traffic_dateyesr_wise = pd.pivet_table(df, value

traffic_volune’, indexz['local authoirty ons_code’,

*count_d:
“travel_direction’, 'road_category’,

e, 'local_authority_id', 're;
*road_type’, 'peak_non_peak_hours’, 'month'],
columns= ['year'], aggfuncznp.sum, fill_value=0).rename_axis(None, axis=1).reset_index()

import numpy
import matplotlib.pyplot as plt

import keras

from keras.models import Sequential

from keras.layers import Dense

from keras.layers import LSTH

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import mean_squared_error

#rom tensorflou.keras.callbacks import EarlyStopping
from keras.layers import Dropout

from keras.layers import *

(a) Pivot Table Structure

# normalize the dataset
scaler =

tinMaxScaler (feature_range=(8, 1))
dataset = scaler.fit_transform(dataset)

# split into train and test sets
train = dataset[:,0:-1]
print(train.shape)

test = dataset[:,13]
print(test.shape)

(245730, 13)
(245730,)

from sklearn.model_selection impert train_test_split
trainX, testX, trainY, testY = train_test_split(train,test, test_size

= 0.10, random_state = 42)

# reshape input to be [samples, time steps, features]
trainX = numpy.reshape(trainX, (trainX.shape[®], 1, trainX.shape[1]))
testX = numpy.reshape(testX, (testX.shape[0], 1, testX.shape[1]))

print(trainX.shape, testX.shape,trainY.shape, testY.shape)

(221157, 1, 13) (24573, 1, 13) (221157,) (24573,)

(b) Data Normalization

Figure 14: Feature Selection Exp-1

5.2 Experiment-2 Feature Selection

Traffic volume and non-traffic parameters of weather, light and road surface conditions
are used in this experiment.

Final data = pd.rerge(pd.nerge(ueather_d:

ar_uise, (pd.merge(1ight_data_year_uise, road data year_uise,
Toca1_suthoirty_ons_code’ , *count_di

ste", "local_suthority_id", region_id’, "Link_length_kn',

rosd_ty
outer')),

Fic_data yesr_uise,
54", Link_Length_km',
Final_data

local autholrty_ons_code count date local authorltyid_region id ik length km travel direction

o encoononn 2010 2 i 00000 5 2 2 s
1 encoononn 2010 2 i 0000 2 s 2 ER
2 EnGoononn 2010-04-22 2 i 86000 5 s i 4
3 Encoonont 2010-04-22 2 i 86000 4 3 1 4
4 EDGoon0nn  2010-06-15 2 ' 0000 3 s 2 5

(a) Pivot Table Structure

# Load the dataset and overall traffic dataset

dataframe = Final_data.iloc[:,5:]

#dataframe = dataframe[dataframe[ ‘peak_non_peak_hours']==2]
dataset = dataframe.values

dataset = dataset.astype('float32')

# normalize the dataset
scaler = MinMaxScaler(feature_range=(0, 1))
dataset = scaler.fit_transform(dataset)

# split into train and test sets
train = dataset[:,0:-1]
print(train.shape)
test = dataset[:,40]
print(test. shape)

(116561, 40)
(116561,)
[163]: from sklearn.model_selection import train_test_split
trainX, testX, trainY, testY = train_test_split(train,test, test_size

= 0.10, random_state = 42)
# reshape input to be [samples, time steps, features]

trainX = numpy.reshape(trainX, (trainX.shape[®], 1, trainX.shape[1])

testX = numpy.reshape(testX, (testX.shape[0], 1, testX.shape[1]))

print(trainX.shape, testX.shape)

(104904, 1, 40) (11657, 1, 40)

(b) Data Normalization

Figure 15: Feature Selection Exp-2



5.3 Experiment-3 Feature Selection

The traffic speed limit is classified into 2 categories of Low Speed (1) and High Speed
(2). Using to_categorical of Keras.utils.np_utils, the target column is converted to a
categorical value. As the data is not a continuous value, normalization is not required
for the classification problem.

(a) Pivot Table Structure

x = speed_limit_data_year_wise.iloc[:,5:-1]

y = speed_limit_data_year_wise.iloc[:,-1]
from keras.utils import to_categorical

from keras.utils.np_utils import to_categorical
y = to_categorical(y)

y-shape

(45374, 3)

x = np.array(x[:])

from sklearn.model_selection import train_test_split
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size = 0.1,random_state = 42)

1)

x_train = x_train.reshape(x_train.shape[0],x_train.shape[1],
x_test = x_test.reshape(x_test.shape[0],x_test.shape[1], 1)

print(x_train. shape)
print(x_test.shape)

(40836, 13, 1)
(4538, 13, 1)

print(y_train.shape)
print(y_test.shape)

(40836, 3)
(4538, 3)

(b) Data Reshape

Figure 16: Feature Selection Exp-3

5.4 Experiment-4 Feature Selection

The traffic speed limit is classified into 2 categories of Low Speed (1) and High Speed (2)
along with the non-traffic parameter of weather, light and road surface conditions. The
target column is converted to a categorical value.

est_size = 0.1,randon_state = 42)

(113309, 40, 1)
(12600, 40, 1)
(113308, 3)
(12600, 3)

(a) Pivot Table Structure (b) Data Reshape

Figure 17: Feature Selection Exp-4



6 Code used for Deep Learning Models

Using Keras and TensorFlow package of Python3, the implementation of deep learning
models is carried out. Also, hyper-parameters of epochs, batch size and train-test split
ratio are changed and tested |Improving Deep Neural Networks: Hyperparameter tuning,|
\Regularization and Optimization| (n.d.).

6.1 Experiment-1 LSTM Model Traffic-only parameters

Different LSTM models of vanilla-LSTM, stacked-LSTM and Bi-directional LSTM models
are applied to the trained dataset, and models are predicted and evaluated.

# create and fit the LSTM network
from keras.layers import Bidirectional
model = Sequential()

#model . add(LSTM(100, activation='softmax’, return_sequences=True, input_shape=(1, 13))) #stacked-LSTM
model.add(LSTM(188, activation='relu', input_shape=(1, 13))) # Vanilla- LSTM

#model . add(Bidirectional (LSTM(50, activation="relu'), input shape=(1, 13))) #Bi-directional-LSTM
#model . add(LSTM(5@, activation="relu’))

model.add(Dropout(8.5))

model.add(Dense(1))

model.compile(lossz'mae’, optimizer='adam’, metrics=z['accuracy’, 'mae'])

model.summary ()

Model: "sequential 5"

Layer (type) Output Shape Param #
lstm_6 (LSTM) (None, 100) 45600
dropout_5 (Dropout) (None, 10@) )
dense_5 (Dense) (Nore, 1) 101

Total params: 45,701
Trainable params: 45,701
Non-trainable params: @

(a) LSTM Model Summary

[127]: history = model.fit(trainX, trainY, epochs=5, batch_size=50, validation data=(testX, testY),validation_split=0.10,
callbacks=[EarlyStopping(monitor="val_loss’, patience=10)],verbose=1, shuffle=Falze)

Epoch 1/50
3981/3981 [
Epoch 2/50
3981/398
Epoch 3/50
3981/3981 [
Epoch 4/50
3981/398
Epoch 5/50

- 115 3ms/step - loss: 0.0083 - accuracy: 0.9249 - mae: 0.0083 - val_loss: 0.0074 - val_accuracy: 0.9264 - val_mae: 0.0074

- 105 3ms/step - loss: ©.0068 - accuracy: .9249 - mae: 0.0068 - val_loss: 0.0054 - val_accuracy: ©.9264 - val_mae: 0.0054

s: 0.0063 - 0.5249 - mas: 0.0063 - val_loss: 0.0056 - v 0.0056

cy: 0.9264 -

tep - loss: 8.6062 - accuracy: 0.9249 - mae: 0.0062 - val loss: 0.0054 - val_accuracy: 0.9264 - val_mae: 0.6054

105 3ms/step - loss: 0.0062 - accuracy: 0.9243 - mae: 0.0062 - val_loss: 0.0050 - val_accuracy: 0.9264 - val_mas: 0.0050

105 3ms/step - loss: ©.0062 - accuracy: 0.9249 - mae: 0.0062 - val_loss: 0.0@55 - val_accuracy: .9264 - val_mae: 0.0055

Epoch 7/50

3981/3981 [ - 105 3ms/step - loss: ©.0061 - accuracy: 0.9249 - mae: 0.0061 - val_loss: 0.0053 - val_accuracy: 0.9264 - val_mae: 0.0053
Epoch /50
3981/3981 [ - 10 3ms/step - loss: ©.061 - accuracy: 0.9249 - mae: .0061 - val loss: 0.0055 - val accuracy: 0.9264 - val_mas: 0.0055
Epoch /50

3981/3981 [
Epoch 10/56
3981/3981 [
Epoch 11/50
3981/3981 [===

- 105 3ms/step - loss: 0.0061 - accuracy: 0.9249 - mae: 0.0061 - val_loss: 0.6045 - val_accuracy: 0.9264 - val_mae: 0.0045

- 10s 3ms/step - loss: ©.0061 - accuracy: .9249 - mae: 0.0061 - val loss: 0.0050 - val_accuracy: ©.9264 - val_mas: 0.2050

- 11s 3ms/step - loss: 0.0061 - accuracy: .9249 - mae: 0.0061 - val_loss: 0.0048 - val_accuracy: ©.9264 - val_mae: 0.0048

Epoch 12/50
3981/3981 [
Epoch 13/50
3981/3981 [
Epoch 14/50
3981/3981 [
Epoch 15
3081/398
Epoch 16/50
3981/3981 [
Frach 17/50

105 3ms/step - loss: ©.0061 - accuracy: 0.9249 - mae: 0.0061 - val_loss: 0.0@51 - val_accuracy: .9264 - val_mae: 0.051

105 3ms/step - loss: 0.0061 - accuracy: .9249 - mae: 0.0061 - val_loss: 0.0049 - val_accuracy: ©.9264 - val_mae: 0.0049

- 10s 3ms/step - loss: 0.0061 - accuracy: .9249 - mae: 0.0061 - val loss: 0.0049 - val_accuracy: 9.9264 - val_mas: 0.2049

105 2ms/step - loss: ©.0061 - accuracy: mae: 0.0061 - val loss: 0.0046 - val_sccuracy: 0.9264 - val_mae: 0.0046

- 105 3ms/step - loss: 0.0061 - accuracy: 0.9249 - mae: 0.0061 - val_loss: 0.8042 - val_accuracy: .9264 - val_mae: 0.0042

(b) LSTM Model Fit

# make predictions
trainPredict = model.predict(trainX)
testPredict = model.predict(testX)

accr = model.evaluate(testX, testY)
print('Test set\n Loss: {:@.3fN\n Accuracy: {:0.3f}".format(accr[@],accr[1])

===] - 1s 1ms/step - loss: 0.8@51 - accuracy: ©.9236 - mae: ©.0051

Loss: ©.005
Accuracy: 0.924

# make a prediction
yhat = model.predict(testX)
testX = testX.reshape((testX.shape[@], testX.shape[2]))

(c) LSTM Model Predict

Figure 18: Deep Learning Model Code Snippet Exp-1
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6.2 Experiment-2 LSTM Model Traffic and Non-traffic

meters

[78]:

# create and fit the LSTM network
from keras.layers import Bidirectional
Sequential()

model

#model . add(LSTM(108, activation='softmax', return_sequences=True, input_shape=(1, 48)))

#model . add(Bidirectional (LSTM(1€6, activation="relu’),
#model . add(LSTM(58, activation="relu'))

input_shape=(1, 48)))

model.add(LSTM(1@@, activation='relu', input_shape=(1, 48))) # Vanilla- LSTM
model.add(Dropout(@.5))
model.add(Dense(1))
model.compile(loss='mae', optimizer="adam', metrics=['accuracy','mae'])
model . summary ()
Model: “"sequential 6"
Layer (type) Output Shape Param #
lstm 11 (LSTM) (None, 1@8) 56400
dropout_6 (Dropout) (None, 108) 2}
(None, 1) 101

dense_6 (Dense)

Total params: 56,581

Trainable params: 56,501
Non-trainable params: @

history = model

Epoch 1/50
1889/1889 -
Epoch 2/50
1889/1889 -
Epoch 3/50
1889/1889 -
Epoch 4/50
1889/1889 -
Epoch 5/50
1889/1889 -
Epoch 6/50
1889/1889 -
Epoch 7/50
1889/1889 -
Epoch 8/50
1889/1889 -
Epoch 9/50
1889/1889 -
Epoch 10/50
1889/1889 -
Epoch 11/50
1889/1889 -
Epoch 12/50
1889/1889 -
Epoch 13/50
1889/1889 -
Epoch 14/50
1889/1889 -
Epoch 15/50
1889/1889 -
Epoch 16/50
1889/1889 -
Enach 17/50

5s

5s

5s

5s

5s

6s

5s

5s

(a) LSTM Model Summary

callbacks=[EarlyStopping(monitor="val_loss', patience=16)],verbosez2, shufflezFalse)

loss: @

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 0.

loss: 8.

loss: 0.

loss: 0.

loss: @.

loss: 0.

loss: 0.

.0046

0038

0037

0036

0036

0036

0036

0036

0036

0035

0036

0035

0036

0035

0035

0035

# make predictions

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

3

3

3

3

3

3

3

3

3

3

]

3

3

[

3

3

9329 - mae: 0.0046 -

9329 - mae: 0.0038 -

9329 - mae: 0.0037 -

9329 - mae: 0.0036 -

9329 - mae: 0.0036 -

9329 - mae: 0.0036 -

9329 - mae: 0.0036 -

9329 - mae: 0.0036 -

9329 - mae: 0.0036 -

9329 - mae: 0.0035 -

9329 - mae: 0.0036 -

9329 - mae: 0.0035 -

9329 - mae: 0.0036 -

9329 - mae: 0.0035 -

9329 - mae: 0.0035 -

9329 - mae: 0.0035 -

trainPredict = model.predict(trainX)
= model.predict(testX)

testPredict

accr =

118/118 [
Test set

Loss:

Accuracy: ©.928

Loss:

{:8.3f}\n

model.evaluate(testX,testY)
print('Test set\n

©.008

# make a prediction

yhat =

testX =

from numpy import concatenate
# invert scaling for forecast

model.predict (testX)

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

testX.reshape((testX.shape[8], testX.shape[2]))

3

3

3

3

3

3

3

3

3

3

]

3

3

]

3

3

L0039

0039

0039

0039

0036

0036

0036

0037

0036

0035

0036

0036

0040

0036

0037

0037

#inv_yhat = concatenate((yhat[:,8,:], testX[:, @:]), axis=1)

inv_yhat
inv_yhat

inv_yhat

Figure

concatenate((yhat, testX[:, ©:]), axis=1)
scaler.inverse_transform(inv_yhat)

inv_yhat[:,0]

19: Deep Learning Model Code Snippet Exp-2

val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:

val_accuracy:

(b) LSTM Model Fit

(¢) LSTM Model Predict
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e.

e.

e.

e.

e.

e.

e.

e.

e.

e.

e.

e.

Q.

e.

e.

L9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

9355

Accuracy: {:0.3f}'.format(accr[@],accr[1]))

_fit(trainX, trainY, epochs=50, batch_size=50, validation_data=(testX, testY),validation_split=e.1e,

val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:
val_mae:

val_mae:

[

[

[

[

[

[

[

[

[

[

]

[

[

[

[

[
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0039

0039

0039

0036

0036

0036

0037

0036

0035

0036

0036

0040

0036

0037

0037

] - @s 1ms/step - loss: ©.8084 - accuracy: ©.9285 - mae: 0.0084
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6.3 Experiment-3 CNN Model Traffic-only parameters

CNN model with 1 convolutional layer, 1 pooling layer and 3 hidden layers are applied
to the traffic speed limit data.

model = Sequential()

intput_shape=(x_train.shape[1], 1)

model.add(ConviD(128, kernel_size=3,padding = 'same',activation='relu’, input_shapezinput_shape))
model.add(BatchNormalization())

model.add(MaxPoclinglD(pool size=(2)))

model.add(Flatten())
model.add(Dense(64, activati
model.add(Dropout (@.5))
model.add(Dense(32, activationz'relu'))
model.add(Dropout(®.5))

model.add(Dense(16, activationz'relu'))
model.add(Dropout (@.5))
model.add(Dense(num_classes, activation='softmax'))
model. summary ()

"tanh'))

Model: "sequential 3"

Layer (type) Output Shape Param #
convld_3 (ConviD) (None, 13, 128) 512
batch_normalization_3 (Batch (None, 13, 128) 512
max_poolingld_3 (MaxPoolingl (None, 6, 128) [}
flatten_3 (Flatten) (None, 768) o
dense_12 (Dense) (None, 64) 49216
dropout_9 (Drepout) (None, 64) ]
dense_13 (Dense) (None, 32) 2080
dropout_10 (Dropout) (None, 32) [}

(a) CNN Model Summary

from keras.optimizers import SGD, RMSprop

#opt = SGD(Lr=0.01, momentum=6.9)

opt = RMSprop(1r=0.001)

model . compile (loss='categorical _crossentropy', optimizer='adam', metrics=['accuracy'])

history = model.fit(x_train, y_train, epochszepochs, batch_sizesbatch_size, validation_data=(x_test, y_test),validation_split=0.10,
callbacks=[EarlyStopping(monitor="val_loss', patience=10)], verbosez2, shuffle=False)

Epoch 1/50
736/736 - 3s - loss: ©.149@ - accuracy: 0.9418 - val_loss: ©.0435 - val_accuracy: ©.9846
Epoch 2/50
736/736 - 3s - loss: ©.0527 - accuracy: 0.9812 - val_loss: ©.0372 - val_accuracy: ©.9860
Epoch 3/50
736/736 - 3s - loss: ©.0456 - accuracy: 0.9847 - val_loss: 0.@432 - val_accuracy: ©.9829
Epoch 4/58
736/736 - 3s - loss: @.0459 - accuracy: .9839 - val_loss: 0.@377 - val_accuracy: 0.9858
Epoch 5/50
736/736 - 3s - loss: ©.0456 - accuracy: 0.9847 - val_loss: ©.0369 - val_accuracy: ©.9860
Epoch 6/50
736/736 - 3s - loss: ©.0396 - accuracy: 0.986@ - val_loss: ©.0372 - val_accuracy: ©.9860
Epoch 7/50
736/736 - 3s - loss: ©.0375 - accuracy: 0.9869 - val_loss: 0.0360 - val_accuracy: 0.9868
Epoch 8/50
736/736 - 3s - loss: .0376 - accuracy: 0.9865 - val_loss: 0.8359 - val_accuracy: ©.9868
Epoch 9/50

736/736 - 3s - loss: ©.0362 - accuracy: 0.9873 - val_loss: ©.0357 - val_accuracy: ©.9858
Epoch 18/56
736/736 - 3s - loss: ©.0371 - accuracy: 0.9867 - val_loss: ©.0359 - val_accuracy: ©.9868
Epoch 11/56
736/736 - 3s - loss: ©.0367 - accuracy: 0.9871 - val_loss: 0.0359 - val_accuracy: ©.9868
Epoch 12/58
736/736 - 3s - loss: ©.0374 - accuracy: 0.9866 - val_loss: 0.0365 - val_accuracy: 0.9863
Epoch 13/58
736/736 - 3s - loss: ©.0362 - accuracy: 0.9871 - val_loss: ©.0359 - val_accuracy: ©.9868
Epoch 14/58
736/736 - 3s - loss: ©.0372 - accuracy: 0.9866 - val_loss: ©.0359 - val_accuracy: ©.9868

(b) CNN Model Fit

[129]: |y_pred = model.predict(x_test, batch_size=10,
verbose=z1)
score = model.evaluate(x_test, y_test,verbose=1)

print(score)

4547454 | - ] - @s 769us/step
1427142 [ = ===] - @s 1lms/step - loss: ©.@356 - accuracy: 0.9870
[@.83563347@86310387, 0.9869986772537231]

(c) CNN Model Predict

Figure 20: Deep Learning Model Code Snippet Exp-3
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6.4 Experiment-4 CNN Model Traffic and Non-traffic paramet-
ers

et = STl

Srrgte. et retmedErsa], 0)

el lort (A, (el sAme=Sypedking = et e tmetemsralln?,, S chrme=tm chams))
model.add(BatchNormalization())
model.add(MaxPoolinglD(pool_size=(2)))
model.add(Flatten())

model.add(Dense(64, activation='tanh'))

model .add(Dropout (@.5))

el Eareal(Er, ae s seT= )

model . add(Dropout (@.5))

model.add(Dense(16, activationz'relu'))
model.add(Dropout(@.5))
model.add(Dense(num_classes, activation='softmax'))
model. summary()

Model: "sequential”

Layer (type) Output Shape Param #
convid (ConviD) (None, 4@, 128) 512
batch_normalization (BatchNo (None, 46, 128) 512
max_poolingld (MaxPoolinglD) (None, 20, 128) 2}
flatten (Flatten) (Mone, 256@) 2]
dense (Dense) (None, 64) 163904
dropout (Dropout) (Mone, 64) [z}
dense_1 (Dense) (None, 32) 2080
dropout_1 (Dropout) (None, 32) o
dense_2 (Dense) (None, 16) 528

(a) CNN Model Summary

from keras.optimizers import SGD

#opt = SGD(Lr=0.81, momentum=0.9)

model.compile(loss='categorical _crossentropy’, optimizerz'adam’, metricsz['accuracy'])
#model . compile(Loss="binary_crossentropy’, optimizer='adam’, metrics=[ 'accuracy’])

history = model.fit(x_train, y_train, epochszepochs, batch_sizesbatch_size, validation_data=(x_test, y_test),validation_split=0.10,
callbacks=[EarlyStopping(monitor='val_loss', patience=10)], verbosez2, shufflezFalse)

Epoch 1/50
2042/2042 - 155 - loss: ©.8634 - accuracy: 8.9794 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 2/5@
2042/2042 - 145 - loss: ©.0207 - accuracy: ©.9952 - val_loss: 0.0161 - val_accuracy: 0.9958
Epoch 3/50
2042/2042 - 14s - loss: ©.8196 - accuracy: 8.9948 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 4/50
2042/2042 - 14s - loss: ©.6180 - accuracy: 8.9952 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 5/50
2042/2042 - 14s - loss: ©.817@ - accuracy: 8.9954 - val_loss: 0.0161 - val_accuracy: 0.9958
Epoch 6/50
2042/2042 - 14s - loss: ©.8171 - accuracy: 8.9953 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 7/50
2042/2042 - 14s - loss: ©.8173 - accuracy: 8.9953 - val_loss: 0.0161 - val_accuracy: 0.9958
Epoch 8/50
2042/2042 - 14s - loss: ©.8167 - accuracy: 8.9956 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 9/50

2042/2042 - 14s - loss: ©.0180 - accuracy: 8.9952 - val_loss: 0.0161 - val_accuracy: 0.9958
Epoch 10/50
2042/2042 - 14s - loss: ©.617@ - accuracy: 8.9954 - val_loss: 0.0161 - val_accuracy: 0.9958
Epoch 11/50
2042/2042 - 15s - loss: ©.8168 - accuracy: 8.9954 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 12/50
2042/2042 - 16s - loss: 0.8168 - accuracy: 8.9954 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 13/50
2042/2042 - 17s - loss: ©.8166 - accuracy: 8.9955 - val_loss: 0.0162 - val_accuracy: 0.9958
Epoch 14/50
2042/2042 - 14s - loss: ©.8163 - accuracy: 8.9956 - val_loss: 0.0162 - val_accuracy: 0.9958

(b) CNN Model Fit

y_pred = model.predict(x_test, batch_sizez18,
verbose=@)

score = model.evaluate(x_test, y_test,verbosezg)

print(score)

[@.0131789119914174038, ©.9968253970146179]

(¢) CNN Model Predict

Figure 21: Deep Learning Model Code Snippet Exp-4
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7 Evaluation Output

Finally, the models are evaluated using training and testing accuracy, RMSE and MAE
values from sklearn.metrics and confusion matrix from scikitplot. Also, the model’s

training and validation loss against the number of epochs is visualized to check whether
the model is a overfit or underfit or perfect fit.

7.1 Experiment-1 Evaluation Code Snippet

# make a prediction
yhat = model.predict(testx)
testX = testX.reshape((testX.shape[0], testX.shape[2]))

from numpy import concatenate

# invert scaling for forecast

inv_yhat = concatenate((yhat, testX[:, ©:]), axis=1)
#inv_yhat = concatenate((yhat[:,:], testX[:,6,0:]), axis=1)

plt.figure(figsize=(8,4))

inv_yhat = scaler.inverse_transform(inv_yhat) plt.plot(history.history['loss'], label='Train Loss')

inv_yhat = inv_yhat[:,0] plt.plot(history.history['val_loss'], label='Validation Loss')
plt.title('model loss')

. plt.ylabel('loss')

# dinvert scaling for actual P1t x1abel( epochs’)

testY = testY.reshape((len(testY), 1)) TN
plt.shou();

inv_y = concatenate((testY, testX[:, 0:]), axis=1)
#inv_y = concatenate((testY, testX[:, @, 0:]), axis=1)
inv_y = scaler.inverse_transform(inv_y) \ —— Train Loss
inv_y = inv_y[:,e] o008 | | Validation Loss

model loss

[134]: | from math import sqrt 0.007 \
from sklearn.metrics import mean_squared_error, mean_absolute_error L
# calculate RMSH b
rmse = sqrt(mean_squared_error (inv_y, inv_yhat))
print('Test RMSE: %.3f' % rmse)

loss
/

0,006 T — —_—

0.005
mae = mean_absolute_error(inv_y, inv_yhat)

print('Test MAE: %.3f' % mae)

Test RMSE: ©.118
Test MAE: 0.021

o s 10 15 20 3
epochs

(a) Evaluation Code (b) Loss Vs Number of Epoch Code

Figure 22: Evaluation Code Snippet Exp-1

7.2 Experiment-2 Evaluation Code Snippet

# make a prediction
vhat = model.predict(testX)

testX = testX.reshape((testX.shape[0], testX.shape[2]))

from numpy import concatenate
# invert scaling for forecast
#inv_yhat = concatenate((yhat[:,0,:], testX[:, 0:]), axis=1) plt.plot(history.history['loss'], label='Train Loss')

inv_yhat = concatenate((yhat, testX[:, 0:]), axis=1) plt.plot(history.history['val_loss'], label='Validation Loss')
inv_yhat = scaler.inverse_transform(inv_yhat) plt.title('model loss')

plt.figure(figsize=(8,4))

inv_yhat = inv_yhat[:,0] plt.ylabel("loss")
plt.xlabel(’epochs')

1t.legend(loc="upper right'
# invert scaling for actual :lt shiv()T " o
testY = testY.reshape((len(testY), 1)) . ’

model loss

invy = concatenate((testY, testX[:, 0:1), axis=1) oooso [ | ——
inv_y = scaler.inverse_transform(inv_y) \ Valation Lose
inv_y = inv_y[:,0] 00048 \

00046 \
from math import sqrt 00044 \
from sklearn.metrics import mean_squared_error, mean_absolute_error u \
# calculate RMSE 2 00042 \
e = sar(ram srrared arer(@my s, S i) 0020 \
print('Test RMSE: %.3f' % rmse) Y

00038 \\
mae = mean_absolute_error(inv_y, inv_yhat) 00036 ~_/
print('Test MAE: %.3f' % mae) — _— B
Test RMSE: 0.082 o 2 4 6 8 10 12 14 16
Test MAE: 0.013 epochs

(a) Evaluation Code (b) Loss Vs Number of Epoch Code

Figure 23: Evaluation Code Snippet Exp-2
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7.3 Experiment-3 Evaluation Code Snippet

Confusion matrix
550 0.0356 - accuracy o.s870

1 59
pyplot
)

plt.xlabel("e;
pyplot.plot (h:
pyplot.plot (h:
pyplot. le
pyplot. shou

True label

model loss

00 25 s0 75 100 125 150 175
epochs.

(a) Loss Vs Number of Epoch Code (b) Confusion Matrix Code

Figure 24: Evaluation Code Snippet Exp-3

7.4 Experiment-4 Evaluation Code Snippet

y_pred = model.predict(x_test, batch_size=1@,

verbose=0)
score = model.evaluate(x_test, y_test,verbose=0)
print(score)

[0.013178911391417488, ©.9968253970146179]

# plot history accuracy

from matplotlib import pyplot 491: | tmport scikitplot as =
plt.title('model loss') +
plt.ylabel('loss')

plt.xlabel(’epochs’)

pyplot.plot(history.history['loss'], label='train')

pyplot. plot(history.history['val loss'], label='validation')
pyplot. legend()

pyplot. show()

d label', ylabel='True label'>
Confusion matrix

1 o
8000
model loss z
s 000
| — train K
006 | | validation = w000
\ 2 0 853
005 | | 2000
|
|
| o
@ 004 |
2 |
|
0.03 \ bsolut:
|
0.02 ~

00 25 50 75 100 125 150 175

Test e 0015
epochs Test Hae: 0.005

(a) Loss Vs Number of Epoch Code (b) Confusion Matrix Code

Figure 25: Evaluation Code Snippet Exp-4
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