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ABSTRACT

Bike sharing systems are critical tools of current policies and practices to address
challenges, as part of wider urban mobility management strategies. The key objective
of these systems is to provide free or low cost access to bicycles for short distance trips
in urban areas as an alternative option to private car use, therefore reducing air pollution,
noise levels and traffic congestion. The report on cities' bike-sharing systems facts &
figures is a foreseen output of CycleCities project. The facts & figures report on cities’
bike sharing systems aims to: a) present up-to-date facts and figures on bike sharing
systems currently in use in cities b) provide evidence on the effectiveness, impact of
certain bike sharing system cases c) allow for valuable insights on the decisive, success
factors for sustainable bike sharing systems based on city experiences and lessons
learned. An online survey captured the views and opinions of key individuals involved in
bike sharing schemes, systems and projects. Bike sharing systems survey aimed at
collecting evidence about the main BSS operators and providers, the most usual hiring
and payment methods and facts concerning BSS operation. It also aimed at collecting
key figures as regards the implementation and operation of BSS in the cities. In this part
of the survey, information regarding figures such as number of bikes and stations by city
size and cycling modal share, average yearly rents, cost of registration, free use time
offered by the systems and level of investments are provided. Analysis of survey results
based on both qualitative and quantitative analysis of data collected through the BSS
fact sheet and the BSS survey questionnaire was realized. This study ends up with the
lessons learned from this critical view of BSS. Finally a critical analysis and lessons
learned concerning the integration of BSS with public transport, the placement of BSS
stations, the maintenance and technical support of BSS and also public acceptance of

the systems as measure of awareness will be presented.
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1.1

CHAPTER-1

INTRODUCTION

The first bike sharing projects were initiated by local community organisations, or as
charitable projects intended for the disadvantaged, or to promote bicycles as a
nonpolluting form of transport, or they were business enterprises to rent out bicycles.
The first documented bikeshare project began in Europe in 1965, the group Provo
painted fifty bicycles white and placed them unlocked in Amsterdam for everyone to
use freely. Bike-sharing systems have developed and evolved with society changes
and technological improvements. Many bicycle programmes paint their bicycles in a
strong solid colour, such as yellow or white. Painting the bicycles helps to advertise
the programme, as well as theft (a painted-over bicycle frame is normally less
desirable to a buyer). However, theft rates in many bike-sharing programmes remain
high, as most shared-use bicycles have value only as basic transport, and may be
resold to unsuspecting buyers after being cleaned and repainted. In response, some
large-scale bike sharing programmes have designed their own bike using
specialised frame designs and other parts to prevent disassembly and resale of
stolen parts.

PROPOSED SYSTEM

The proposed system also has two kinds of service stations for the bike system, fixed
service station and the manual service point. The bicycle has a smart lock attached
with a QR code on it. A servo motor is used for lock & unlock purpose. If the user
wants to rent a bicycle, he has to download the mobile application, enter the payment
information & then scan the QR code through the application. While returning the
user has to park the bicycle in its specified dock & lock it back by scanning the QR

code.
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Fig 1.1 — Proposed System

1.2 SYSTEM ARCHITECTURE

ARCHITECTURE
Senvo
Motor
User Android HC-05
ﬁ.ﬂl?,';' = 'L;g' — i SMART LOCK

1

GPS

BICYCLE DOCK

Fig 1.2 — Architecture Diagram
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1.3

IMPLEMENTATION

The implementation of bicycle sharing system starts with hiring the cycle from dock station
by just scanning QR code provided .when the user scans code by filling payment and other
necessary details then lock gets unlocked from the dock. Locking is similar to unlocking
which can be done byscanning the QR code. A fully automated locking system at stations
that allows users to check cycles in or out without the need for staffing at the station. «
Radio frequency identification devices (RFIDs) to track where a cycle is picked up, where it
is returned, and the identity of the user. « Real-time monitoring of station occupancy rates
through General Packet Radio Service (GPRS), used to guide the redistribution of cycles. The
user gets notifications about nearest dock stations and also about running time, fare etc
through the application.

Fig 1.3 — Implementation of project

14



1.4

1.4.1

1.4.2

DESCRIPTION OF MODULES

Dock

Dock is pin like structure which used to connect electronic devices to multiple
resources as it carries specific signals which reduces the process of docking through

mobile.

Servomotor

A servomotor is a closed loop servomechanism that uses position feedback to
controlits  motion and final position. The input for its control will be either analogue
or digital representing the position commanded for the output shaft. The motor is
paired with some type of encoder to provide position and speed feedback. In the
simplest case, only the position is measured. The measured position of the output is
compared to the command position, the external input to the controller. If the output
position differs from that required, an error signal will be generated which then
causes the motor to rotate, as needed to bring the output shaft to the appropriate
position. As the positions approach, the error signal reduces to zero and the motor

stops.

1.4.3 Bluetooth module

The Bluetooth module HC-05 is a “MASTER/SLAVE” module. By default the factory
setting is “SLAVE”. The Role of the module (Master or Slave) can be configured only
by at commands. The slave modules cannot initiate a connection to another
Bluetooth device, but can accept connections. Master module can initiate a

connection to other devices.

15



1.4.4 GPS Tracker

A GPS tracking unit is a navigation device, normally carried by a moving vehicle
or person, that uses the Global Positioning System (GPS) to track the device’s
movements and determine its location. The recorded location data can either be
stored within the tracking unit or transmitted to an Internet-connected device using the
cellular (GPRS or SMS), radio, or satellite modem embedded in the unit. This allows
the asset's location to be displayed against a map backdrop either in real time or
when analysing the track later, using GPS tracking software. Data tracking software

is available forsmartphones with GPS capability.

The types of GPS systems include:

o A-GPS. Assisted GPS (A-GPS) is a type of GPS that allows receivers to get information
from local network sources, which helps in the location of satellites. ...

e S-GPS

« D-GPS

« Non-differential GPS

e Mapping and non-mapping GPS

- $ - §
L i

Fig 1.4.4 — GPS Tracker

16



1.4.5 Mobile Application

1.5

This app helps cyclist to know nearest parking slot and also will show the time
consumed and also the required details for the payment as well. Mobile application

are created to make the user experience more efficient and useful.

Fig 1.4.5 — Mobile Application

EXISTING SYSTEM

There are two kinds of service stations for the bike system, fixed service station
(standard) and the manual service point (portable terminal with staff). The stations
extended the service hire time to 6:30-20:00 and the renting time was extended half
an hour. For renting a bicycle, a bike card is needed. In the SCB system, there are
two types of bike cards, seasonal cards and 3-days cards. The card is “smart card”

which utilizing NFC- near field communication technology.

17



1.6

1.7

OUTCOME

The arrival of dockless bike shares had created a positive impact in the growth of
cycling sharing. In Australia estimated that 1.5 kilograms of CO2 equivalent emissions
areavoided by an urban resident who travels 5 kms by cyclingrather than by car during
rush hour periods. The report from Centers for Disease Control and Prevention point
out that cycling also help preventing disease like obesity, heart disease (can reduce
up to 82%) and diabetes (can reduce up to 58%). Therefore, bicycle-sharing system
has a positive impact on mental and physical health, which attract more people to

use. This is very helpful for both working professionals as well as students also.

ESTIMATING BIKESHARE SYSTEM DATASET

Bike sharing systems are new generation of traditional bike rentals where whole
process from membership, rental and return back has become automatic. Through
these systems, user is able to easily rent a bike from a particular position and return
back at another position. Currently, there are about over 500 bike-sharing programs
around the world which is composed of over 500 thousands bicycles. Today, there
exists great interest in these systems due to their important role in traffic,
environment.

Apart from interesting real world applications of bike sharing systems, the
characteristics of data being generated by these systems make them attractive for
the research. Opposed to other transport services such as bus or subway, the
duration of travel, departure and arrival position is explicitly recorded in these
systems. This feature turns bike sharing system into a virtual sensor network that
can be used for sensing mobility in the city. Hence, it is expected that most of

important events in the city could be detected via monitoring these data.

There are 12 attributes in total related to bikeshare systems which are likely to
determine such as windspeed, humidity, temperature, weather, working day, holiday

etc.

18
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Fig 1.7 — excel sheet of the given Estimating Bikeshare System dataset

COMMON MACHINE LEARNING ALGORITHMS AND GOALS

Then the variety of machine learning algorithms are classified into three

categories as follows —

Supervised learning

(independent variables) and a label (target) from given set of observations. Then

the model is used to predict the label of new observations using the features.

Depending on the characteristics of the target variable

classification(discrete variable) or regression (continuous variable) the task is further

engaged.

19
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Unsupervised learning finds the structures in unlabeled data.

Reinforcement learning works on action-reward principle. An agent
learned to reach the goal by continuously calculating the rewards that it

gained from the actions.

Actwrriving Populancy

Unsupervised Supervised gyt
Learning Learning

Machine
Learning

Clustaring Regrossion

mngaliod

Relnforcament
Learning

Fig 1.8.1 - types of machine learning along with the field of use

ALGORITHMS

1. Linear Regression
It is a supervised learning algorithm and tries to be a bridgebetween
continuous target variable and one or more independent variables by fitting a
linear equation to the data. For choosing this algorithm, there andneeds be a
linear relation between independent and target variable. Thescatterplot shows
the positive correlation between an independent arevariable(x-axis)and

dependent variable (y-axis).
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0.6

02

Fig 1.8.2 — linear regression scatter plot

This would try to put regression line to represent relations. Common technique
is ordinary-least squares (OLS). As a result, we could get a regression line as
a outcome by minimizing sum square of distance between data points and as

regression line.

0.6

0.4

02

0.0

02 (L 0.6

Fig 1.8.3- Linear regression scatter plot with regression line
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2. Naive Bayes
it is a supervised learning algorithm used for classification or problems, also called as
Naive Bayes Classifier. It assumes that features are independent of each other and
there is no correlation between features. As assumption of features being uncorrelated
is the reason for the name “naive”.

Equaton:

p(A|B) = p(A).p(BIA) (Bayes' Theorem)

p(B)

p(A|B): Probability of event A given event B has already occurred

p(B|A): Probability of event B given event A has already occurred

p(A): Probability of event A

p(B): Probability of event B

3. Logistic Regression
It is a supervised learning algorithm which is mostly used for binary classification

problems. Even when regression contradicts with theclassification, here the spot is for
logistic that refers to logistic function which does the classification task. It is simple but
effective classification algorithms most commonly used for binary classification
problems. Logistic function also known as sigmoid function.

Equation:

1
Sigmoid Function: y = ————
. Y =1 te*

Logistic regression takes linear equation as input and uses sigmoid function

and logs odds to perform a binary problem. As result s shape graph will be the

22



output.

Probability output

Fig 1.8.4- Logistic regression with probability output in s space

4. Decision Trees
It build upon continuously to partition the data. The aim of decision tree is to increase
the predictiveness as much as possible at each stage so that the model keepgaining
information about the dataset. Randomly splitting will not give us valuable insight into
dataset. The purity of node is inversely proportional to distribution of different classes
in that node.Overfitting model would be too specific model and not be generalize hough
it achieves high accuracy with training set but poorly on new. The well.depth of the
tree is controlled by max_depth parameter for decision treealgorithm in scikit-learn. Is

also suitable to work on a mixture of feature data types.
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Example

Is monthly charges
less than 5507
No Yes
I
Customer has
multiple linas?
¥
y Yes , Yes
Customer has any l = \ - -
dependents? Churn=No Churn=Yas Churn=No
No i I \
1 1
Yes
Churn=Yes Churn= No

Fig 1.8.5 — Example of Decision Tree

Customer has been
withthe company
for more then 36
manths?

No

5. Random Forest is an ensemble of many decision trees. They are built using a
method called bagging where decision trees are used as the parallel estimators.

When used in classification problem, the result will be based on majority of vote
received from each decision tree.

Advantages of random forest:

It can perform both regression and classification tasks. A random forest produces good
predictions that can be understood easily. It can handle large datasets efficiently. The

random forest algorithm provides a higher level of accuracy in predicting outcomes over
the decision tree algorithm.

24



Random Forest Simplified

lnstﬂnre
Random Forest __— j S —

gy

KARR KRR :C?fk‘m

Tree-1 Tree-2 Tree-n

Class-A Class-B Class-B
[ﬁn_jn_n ty -Volmp | I

Final-Class |

Fig 1.8.6 — Random Forest Outliner

6. K-means Clustering is a way to group of set of data points in a way that
similar data points are together. Thus, they look for dissimilarities or the ,

similarities among data points. It is an unsupervised learning so there is no
label associated with data points. They try to find the underlying structures

the data. Clustering is not Classification.

B 4

& 4
°3 o3 o

o o R 4T

.ii . L™ o8
| e *®
2 . =l #\::Q P
01 LA %
—2 -1 0 1 2 3

Fig 1.8.7 — Scatter plot on K-Means Clustering
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CHAPTER-2
AIM AND SCOPE OF
PRESENT INVESTIGATION

21 AIM:
To predict the “ESTIMATING FORECAST USE OF A CITY BIKESHARE

SYSTEM?” Data set using features from the given Data set.

2.2 SCOPE :

The aim of this project is to develop a demand forecast model for the Capital
Bikeshare system . This is a model that for every day and hour, given some
meteorological variables and whether the day is a holiday or not, attempts to predict

the total number of bicycles that will be rented that hour.

In order to build the model, these steps have to be followed:

¢ Research methodologies that have been used to analyze problems of a similar

nature.

¢ Acquire the required data to build the model.

¢ Analyze the data and find out which variables drive the demand.
¢ Design a predictive model to forecast the demand.

¢ Implement and tune the model to better fit the data.

e Draw conclusions from the previous work.

26



2.3 ATTRIBUTES INFORMATION :

Both hour.csv and day.csv have the following fields, except hr which is not

available in day.csv

- instant: record index

- dteday : date

- season : season (1:winter, 2:spring, 3:summer, 4:fall)

- yr: year (0: 2011, 1:2012)

- mnth : month ( 1 to 12)

- hr : hour (0 to 23)

- holiday : weather day is holiday or not (extracted from [Web Link])

- weekday : day of the week

- workingday : if day is neither weekend nor holiday is 1, otherwise is 0.

+ weathersit :

- 1: Clear, Few clouds, Partly cloudy, Partly cloudy

- 2: Mist + Cloudy, Mist + Broken clouds, Mist + Few clouds, Mist

- 3: Light Snow, Light Rain + Thunderstorm + Scattered clouds, Light Rain +
Scattered clouds

- 4: Heavy Rain + Ice Pallets + Thunderstorm + Mist, Snow + Fog

- temp : Normalized temperature in Celsius. The values are derived via (t-
t_min)/(t_max-t_min), t_min=-8, t_max=+39 (only in hourly scale)

- atemp: Normalized feeling temperature in Celsius. The values are derived via (t-
t_min)/(t_max-t_min), t_min=-16, t_max=+50 (only in hourly scale)

- hum: Normalized humidity. The values are divided to 100 (max)

- windspeed: Normalized wind speed. The values are divided to 67 (max)
- casual: count of casual users

- registered: count of registered users

- cnt: count of total rental bikes including both casual and registered

27



2.4 MISSING ATTRIBUTES : (denoted by "?")

Attribute #:  Number of Missing Values: (total: 0)

1 0
2 0
3 0
4 0
5 0
6 0
7 0
8 0
9 0
10 0
11 0
12 0
13 0
14 0
15 0
16 0

28



2.5 DATA PREPROCESSING:

In this project as a backbone tool python is used to carry out machine learning
concepts. With the help of a software called Anaconda Navigator, a jupyter notebook
is launched where it is already installed along with the navigator. jupyter notebook is
an open-source web application that allows to create and share documents and has

live code and also visualization.

After importing the required libraries the dataset will be read in the note book with
help of data frame (two-dimensional labeled data structure with columns of

potentially different types) and read_csv(desired file type).

Reading the data set:

In [5]: df = pd.read csv(‘train.cs)
df head()

Fig 2.5.1- code for reading the dataset using pandas

The dataset provided cannot always be a fully valued set, in that case we need to
prepare the data in such a way the machine understands what is the value that has

been entered.

29



Out[5):

datetime season holiday workingday weather temp

atemp humidity windspeed casual registered count

0 2011-01-01 00:00:00
1 20110101 01:00:00
2 20110101 02.00:00
3 2011-01-01 03:00:00

4 20110101 04.00:00

1
1
1
1
1

0
0
0
0
0

0
0
0
0
0

i
1
1
1

1

584
8.02
402
084
964

14395
13635
13635
14395

14395

1
0
80
[
75

00
00
00
00
00

3
8
§
3
0

13
R
a
10

1

Fig 2.5.2 — Imported Bike sharing dataset in jupyter notebook

Check the values for null using isnull() function.

In [6]: df.isnull().sum()

out[6]: datetime
season
holiday
workingday
weather
temp
atemp
humidity
windspeed
casual
registered
count
dtype: int64

20 00000900909 @@

Fig 2.5.3- using isnull() function checking for null values

The dataset is now ready for creating a machine learning model.
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CHAPTER-3

EXPERIMENTAL OR MATERIAL AND METHODS, ALGORITHMS
USED

3.1 Types of classification algorithms used :

1.Decision Tree

2 Random Forest

3.1.1 Decision Tree :

Decision Tree is a Supervised learning technique that can be used for both
classification and Regression problems, but mostly it is preferred for solving
Classification problems. It is a tree-structured classifier, where internal nodes
represent the features of a dataset, branches represent the decision

rules and each leaf node represents the outcome.

In a Decision tree, there are two nodes, which are the Decision Node and Leaf
Node. Decision nodes are used to make any decision and have multiple branches,
whereas Leaf nodes are the output of those decisions and do not contain any further
branches.

The decisions or the test are performed on the basis of features of the given dataset.
It is a graphical representation for getting all the possible solutions to a
problem/decision based on given conditions.

Itis called a decision tree because, similar to a tree, it starts with the root node, which

expands on further branches and constructs a tree-like structure.

In order to build a tree, we use the CART algorithm, which stands

for Classification and Regression Tree algorithm.
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3.1.2 Random Forest

The Random Forest is also known as Decision Tree Forest. It is one of the
popular decision tree-based ensemble models. The accuracy of these models is
higher than other decision trees. This algorithm is used for both classification and

regression applications.

In a random forest, we create a large number of decision trees, and in each decision
tree, every observation is fed. The final output is the most common outcome for each
observation. We take a majority vote for each classification model by feeding a new

observation into all the trees.

An error estimate is made for cases that were not used when constructing the tree.

This is called an out-of-bag(OOB) error estimate mentioned as a percentage.

The decision trees are prone to overfitting, and this is the main drawback of it. The
reason is that trees, if deepened, are able to fit all types of variations in the data,
including noise. It is possible to address this by partial pruning, and the results are

often less than satisfactory
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Random Forest Simplified

Instance
Random Forest fﬁf‘ﬁ f e

Class-A Class-B Class-B

| Majonty-Voting

Final-Class |

3.2 IMPORTED LIBRARIES

Libraries are collections of prewritten code that users can use to optimize tasks.
In project as python is used for implementation tool, it has the most libraries as
compared to other programming languages. More than of 60% machine learning
developers use and goes for python as it is easy to learn. As python has
comparatively large collection of libraries let's look at the libraries that came in

handy for mammographic dataset.
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Fig 3.2.1- various python libraries for Machine Learning

LIBRARIES USED:

1. Pandas:
It is a widely-used data analysis and manipulation library for python.It provides a
lot of functions and methods that expedite the data analysis andpreprocessing
steps. It provides fast, flexible and expressive structures workingwith relational or
labeled or both easy and intuitive.Considered as fundamentalhigh-level building
block in performing practical, real-world data analysis as in python. Has powerful

tools like DataFrame and Series for analyzing.

df = pd.read_csv(r"C:\Users\Hi\Desktop\ObesityDataSet raw and data sinthetic.csv")
df .head()

Fig 3.2.2- pandas library is used to read data sheet
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2. Numpy:
It stands for Numerical Python, is a library consisting of the onemultidimensional array
objects and a collection of countless of routines forprocessing those arrays. Using this
mathematical and logical operations onarrays can be performed. The difference in
using Numpy from pandas is, itworks on numerical data whereas pandas on tabular

data.

# changing the input data to numpy array
input_data as numpy array = np.asarray(input data)

Fig 3.2.3-Numpy library for changing to numpy array

3. sklearn:
It stands for Scikit-learn, a machine learning library. It is imported forvarious
classification, regression and clustering algorithms including k-means,random forest,
support vector machines, gradient boosting and DBSCAN. It idesigned using libraries

Numpy and Scipy.

From the sklearn library and from the tree inside the library Decision Tree asClassifier.
It is a class capable of performing multi-class classifier on a dataset. When compared
with other classifiers, DecisionTreeClassifier takes input as two arrays: an array aparse
or dense, of shape(n_samples,n_features) holding thetraining samples and an array Y

of integer values, shape(n_samples), holding theclass labels for training sample.

From sklearn another one called model_selection for training and testing themodel
imports train_test_split. It is a method setting a blueprint to analyze thedata and the
using it to measure new data. Selecting a proper model allows togenerate accurate
results while making prediction. For proceeding, we need to train the model by using

specific dataset and test the model against anotherdataset.
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By default, sklearn train_test_split will make random partitions for two subsets. We
can also specify a random state for the operation. First, we need to split it the dataset
and then allocate the size for train and test. For this mammographic dataset we need
train size as 70% (0.70) and test size as 30% (0.30) with the random state of 100.

X = df[['Gender','Age’, 'Height', 'Neight', 'family history with overweight','FAVC','FCVC',"NCP',"CAEC','SMOKE','CH20','SCC', "FAF', "
y = df[ 'NObeyesdad']
X train, X test, y train, y test = train test split(X, y, test sizezd.5,random state=109)

Fig 3.2.4- usage of sklearn.train_test_split libarary

4. Math: is a built-in module that you we can use for mathematical tasks. It has
set of methods and constants. It is a standard module in python an it is always

available.

5. Seaborn: is a library built on top of matplotlib. It used for data visualization
exploratory data analysis. They work easily with data frames and pandas is a
library. The graphs created can also be customized easily. It provides default
styles and color palettes to make statistical plots more attractive. Also closely

integrated to the data structures from pandas
By using the seaborn library, we can easily represent our data on a plot.

This library is used to visualize our data; we do not need to take care of the internal
details; we just have to pass our data set or data inside the relplot() function, and it

calculate and place the value accordingly.
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Fig 3.2.5- Example implementation of Seaborn library

6. Matplotplib.pyplot is a state-based interface to matplotlib. It provides
MATLAB-like way of plotting. It makes changes to figure

Mean absolute error: 3,012123438648053
Mean absolute percentage error: 0.814632820781970849
R2 score: 0.9989414998098242

Acutal values vs Predicted values
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Mean absolute error: 1,385991917767568
Mean absolute percentage error: 0.006822891183174697
R2 score: ©.9996475560623459

Acutal values vs Predicted values

1000

Index

0 2000 4000 6000 B000 10000
Count

Fig 3.2.6- Plot using matplotplib

¥matplotlib inline

import pandas as pd

import numpy as np

from sklearn.tree import DecisionTreeRegressor

from sklearn.model selection impert train_test split
from sklearn.metrics import mean_squared_error

from sklearn.ensemble import RandomForestClassifier
from sklearn.preprocessing import StandardScaler
from sklearn import svm

from sklearn.metrics import accuracy score,precision_score, recall score,confusion matrix,fl score,plot_confusion_matrix
from math import sgrt

from sklearn import metrics

from sklearn import tree

import matplotlib.pyplot as plt

import seaborn as sns

Fig 3.2.7- Imported libraries in jupyter notebook
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3.3 Implementation of Decision Tree:

Import the packages and classes you need.
Provide data to work with and eventually do appropriate transformations.

Create a Decision Tress model and fit it with existing data.

o H~ 0N =

Apply the model for predictions

Fig 3.3.1 Given Dataset

Check the results of model fitting to know whether the model is satisfactory.

“ ome | wsem  cageliaeut romuas Ot Redew  view a@=dn
i *:':m calieri o exw === 5 Wrap Text General E r£ ¢ | Nermal Bad Good . -4',“’ e ):J ;:I:‘?“"' ?( I
B e BT U 8 A SE I EE Duegesiee Feon oo contiest st (R Calculation | (RRIRIN - | v oeee et | oo, . Sra reda

IIMM ~ z ”dalr.-wnc ) _ e e . : _ : B

A B c D E F G H i J K Mo -

255 HiHH 1 0 1 3 6.56 9.09 93 7.0015 1 28 29 [=
256 HiHHTT 1 0 1 3 6.56 9.85 93 6.0032 1 18 19
257 HEHHHERHE 1 0 1 2 6.56 9.85 86 6.0032 0 7 7
258 HHHHHEH 1 0 1 2 6.56 9.09 86 7.0015 0 6 6
259 HEHHHEEH 1 0 1 1 5.74 7.575 86 8.9981 0 1 1
260 HHHHHEEH 1 0 1 1 5.74 7.575 86 11.0014 0 5 5
261 HHHHHIEH 1 0 1 1 4.92 7.575 93 8.9981 0 16 16
262 HHHHHHEH 1 0 1 1 5.74 7.575 69 8.9981 0 54 54
263 HHHHHHEH 1 0 1 1 6.56 8.335 59 11.0014 3 125 128
264 HHHHHHRH 1 0 1 1 6.56 6.82 59 22.0028 3 78 81
265 HEHHHHRHE 1 0 1 1 7.38 9.09 55 15.0013 0 39 39
266 HHHHHHRH 1 0 1 1 8.2 9.09 51 26.0027 3 32 35
267 HHEHHHERHR 1 0 1 1 8.2 7.575 47 39.0007 3 52 55
268 HHHHHHHE 1 0 1 1 9.02 9.85 44  23.9994 0 49 49
269 HEHHHIRR 1 0 1 1 8.2 9.09 47  22.0028 0 44 44
270 HEHHHIHH 1 0 1 1 8.2 8.335 47  27.9993 1 48 49
271 HEHHHIRR 1 0 1 1 9.02 59.85 44 22.0028 5 63 68
272 HEHBHIHHE 1 0 1 1 8.2 9.09 47  23.9994 0 139 139

273 HiHHHE 1 0 1 i 82 7575 47 35.0008 2 135 137 ]

e = TEE OO

Fig 3.3.2 Applying Decision Tree

In [13]: from sklearn.model selection import train test split
X train, X test, y train, y test = train test split(x, y, randon states1)
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In [14]: print(X train)

season holiday workingday weather temp atemp humidity \

9639 4 ] ] 1 22.96 26.515 83
7284 2 9 1 1 21.32 25.000 77
10463 4 ] 2] 2 11.48 13.635 93
3079 3 0 (2] 1 26.24 30.305 69
5630 1 ] 1 3 9.2 13.635 87
2895 3 Q 1 33.62 37.120 41
7813 2 [’ 1 1 22.96 26.515 52
985 1 a 1 1 8,20 10.605 75
5192 4 (] @ 1 13.12 15.15€ 57
235 1 ] 1 2 6.56 7.575 55

windspeed casual registered time

9639 11.0014 37 154 @
7284 15,0013 21 218 21
10463 11,0014 37 135 9
3079 15,0013 4 8 5
5630 0.0000 5 147 17
2895 15.0013 167 249 13
7813 7.0015 22 171 22
9@5 8.9981 1 2} 4
5192 16.9979 EX ) 161 10
235 12.9980 0 3 2

[8164 rows x 11 columns]

In [23]: print(y_train)

9639 191
7284 239
10463 172
3079 12
5630 152
2895 416
7813 193
905 1
5192 192
235 3

Name: count, Length: 8164, dtype: inté4

Fig 3.3.3 Training data
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In [24]: print(X_test)

season holiday workingday weather temp atemp humidity \

3709 3 1 ] 2 28.70 33.335 74

6741 1 ] ] 2 17.22 21.210 94

9848 4 [ ] 1 26.24 31.060 a4

1410 2 a 1 1 31.16 33.335 23

10672 4 ] 1 2 16.40 20.455 66

5096 4 ] 1 3 18.86 22.725 94

7007 2 2] 1 1 13,94 17.425 71

6813 2 ] 1 1 16.40 20.455 76

301 1 2] 1 1 4.92 6.820 50

374 1 1 2] 2 7.38 8.335 43
windspeed casual registered time

3709 11.0014 181 287 11

6741 11.0014 6 8 a4

9848 12.9980 193 36 17

1410 36.9974 47 96 15

10672  22.0028 ] 1 2

5096 19.0012 6 4 19

7007 7.0015 16 368 7

6813 32.9975 2 22 5

301 12,9980 ] 14 2]

374 16.9979 a 8 2

[2722 rows x 11 columns]

In [25]: print(y test)

3769 308
6741 14
9848 539
1410 143
10672 1
5696 50
7007 384
6813 24
301 14
374 8

Name: count, Length: 2722, dtype: inted

Fig 3.3.4 Testing data
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3.4 Implementation of Random Forest :

1. Import the packages and classes you need.
2. Provide data to work with and eventually do appropriate transformations.
3. Create a Random Forest model and fit it with existing data.
4. Check the results of model fitting to know whether the model is satisfactory.
5. Apply the model for predictions
B o ot ceseiwew romdss  Dms  Reden  view c@odn
A tl:;. caibi B THE s ® Twgren General B [vemal Bad Good =z EH ;;:‘f“"' Ay R
..IAII‘ : 'v . ,f: ”dﬁlr:(\me ; — - — I : : - =
A B C D E F G H | J K L M ::
255 #i#Hgg b 0 1 3 6.56 9.09 93 7.0015 1 28 29 E
256 Hi#H#HgT 1 0 1 3 6.56 9.85 93 6.0032 1 18 19
257 #HH#HAHEH L 0 1 2 6.56 9.85 86  6.0032 0 7
258 #H#H#HEH 1 0 1 2 6.56 9.09 86  7.0015 0 6 6
255 HH#R#HEH 1 0 1 1 5.74 7.575 86  8.9981 0 b 1
260 #HH#H#HEH 1 0 1 1 5.74 7.575 86 11.0014 0 5 5
261 HH#HHHEH 1 0 1 i 4.92 7.575 93 8.9981 0 16 16
262 HH#HHHEH 1 0 1 1 5.74 7.575 69  8.9981 0 54 54
263 HH#HHHEH 1 0 1 1 6.56 8.335 58 11.0014 3 125 128
264 HH#HAERS 1 0 1 1 6.56 6.82 59 22.0028 3 78 81
265 HHHHAREH 1 0 1 1 7.38 9.09 55 15.0013 0 39 39
266 HHHHAHERH 1 0 1 1 8.2 9.09 51 26.0027 3 32 35
267 HHHHAHRH I 0 1 i 8.2 7.575 47 35.0007 3 52 55
268 HHHHHHRE 1 0 1 1 9.02 9.85 44 23,9994 0 49 49
260 HHHHAHRH I 0 1 1 8.2 9.09 47 22.0028 0 44 44
270 HHHHHHRY 1 0 1 1 8.2 8.335 47  27.9993 1 48 49
271 HHHHRHRH i 0 1 i 9.02 9.85 44  22.0028 5 63 68
272 HHHHHHHE 1 0 1 1 8.2 9.09 47  23.9994 0 139 139
273 HEERHERE 1 0 1 i 8.2 7.575 47  35.0008 3 135 137 -
;,:,,;‘ M| train 73 I T e ] : M’t

Fig 3.4.1 Given Dataset

In [14]: from sklearn.model selection import train test split

In [15]: X_train, X test, y train, y test = train_test split(X, y, random state=1)

Fig 3.4.2 Applying Random Forest
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In [16]: print(X train)

season holiday workingday weather temp atemp humidity \

9639 4 ) 2] 1 22.96 26.515 43
7284 2 ¢} 1 1 21.32 25.000 77
108463 1 ¢} %) 2 11.48 13.635 93
3679 3 @ %) 1 26.24 30.385 69
5630 1 (% 1 3 9.62 13.635 87
2895 3 ] 4 1 33.62 37.120 a1
7813 2 ] 1 1 22.96 26.515 52
985 1 2} 1 1 8.20 10.605 75
5192 4 ) 4] 1 13.12 15.15@ 57
235 1 [} 1 2 6.56 7.575 25

windspeed casual registered time

9639 11.0014 37 154 ]
7284 15.0013 21 218 21
18463 11.0014 37 135 9
379 15.0013 4 8 5
5630 0.0000 5 147 17
2895 15.0013 167 249 13
7813 7.0015 22 171 22
9e5 8.9981 1 ] 4
5192 16.9979 31 161 10
235 12.9980 ] 3 2

[8164 rows x 11 columns]

In [25]: print(y train)

%39 19
18 239
10463 172
3079 12
563 152
8% 416
83 193
903 1
5192 192
235 3

Name: count, Length: 8164, dtype: inted

Fig 3.4.3 Training data
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In [26]: print(X_test)

season holiday workingday weather temp atemp humidity \

3709 3 1 0 2 28.70 33.335 74

6741 1 ] 0 2 17.22 21.210 94

9848 4 ] 0 1 26.24 31.060 44

1410 2 ] 1 1 31.16 33.335 3

16672 4 [} i 2 16.40 20.455 66

5096 4 ] : 3 18.86 22.725 94

7007 2 [} ‘- 1 13,94 17.425 T

6813 2 8 1 1 16.40 20.455 76

301 1 7} 1 1 4,92 6.820 50

374 1 1 ] 2 7.38 8.33 43
windspeed casual registered time

3789 11.0014 101 207 1

6741 11.0014 b 8 4

9848 12.9980 193 346 17

1410 36.9974 47 9% 15

10672 22.0028 ] 1 2

5096 19,0012 6 4 10

7087 7.0015 16 368 7

6813 32,9975 2 2 5

301 12,9980 ] 14 0

374 16,9979 ] 8 2

[2722 rows x 11 columns)

In [27]: print(y test)

709 308
6741 1
948 539
e 14
10672 1
5696 59
7ear 384
6813 U
361 1
3 8

Name: count, Length: 2722, dtype: int64

Fig 3.4.4 Testing data
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CHAPTER-4

4.1 RESULTS AND PERFORMANCE ANALYSIS

DECISION TREE RESULT :

In [18]: import matplotlib.pyplot as plt

In [19]: plt.scatter(X test.index, y test, marker=".", color="blue")
plt.scatter(X test.index, pred, marker=".", color="gray", alpha=8.5)
plt.title("Acutal values vs Predicted values™)
plt.xlabel("Count™)
plt.ylabel("Index")

plt.show()

Acutal values vs Predicted values

1000 +

BOO 1

600

Index

400 1

200 1

0 2000 4000 6000 8000 10000

Decision Tree Performance Analysis :

In [35]: from sklearn.metrics import mean absolute error, mean abscolute percentage error, r2 score

In [36]: mea = mean_absolute error(y test, pred)
mape = mean_absolute percentage error(y_test, pred)
r2 = r2_score(y test, pred)
print(f"""
Mean absolute error: {mea}
Mean absolute percentage error: {mape}
R2 score: {r2}

T

Mean absolute error: 3.012123438648053
Mean absolute percentage error: 0.0914032820781970849
R2 score: ©.9989414998098242
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Random Forest Result :

In [121]: import matplotlib.pyplot as plt

In [129]: plt.scatter(X test.index, y test, marker=".", color="blue™)
plt.scatter(X test.index, pred, marker=".", color="red", alpha=@.5)
plt.title("Acutal values vs Predicted values™)
plt.xlabel("Count™)
plt.ylabel("Index")
plt.show()

Acutal values vs Predicted values
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800 -

600 1
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400

200 A

Random Forest Performance Analysis:

In [124]: from sklearn.metrics import mean_absolute error, mean absolute percentage error, r2 score

In [125]: mea = mean absolute error(y test, pred)
mape = mean_absolute percentage error(y test, pred)
r2 = r2_score(y _test, pred)
print(f"™"
Mean absolute error: {mea}
Mean absolute percentage error: {mape}
R2 score: {r2}

)

Mean absolute error: 1.385991917707568
Mean absolute percentage error: 0.906822891183174697
R2 score: 0.9996475560623459
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CHAPTER-5

5.1 SUMMARY AND CONCLUSIONS

Bicycle sharing has been the greatest growth of any transport initiative in recent
years, When you look at the future, there are obvious innovations that are certain to
take place. How and when those will happen, however, is more difficult to predict the
future. Optimizing the fare structurewill expand user access to a wider range of users,
as well asincrease the overall cost recovery by use. It will also serve tomake the fare
structure more transparent to users, lowering complaints and increasing customer
satisfaction, which is important to potential sponsors, to the City and to the operator.”
This is not a bad idea but might be hard toimplement in cities where the free period
is entrenched in the concept of bicycle sharing. Cohen further states that, however
the new bundling of trip fares is done, there still must be the usage fee after a certain
period of time to motivate users to return the bicycles. The use of collection of data
and analysis to monitor and optimize bicycle sharing systems has only scratched
only the surface. As with all transport, bicycle sharing will continue to embrace
technology that will make system design, innovative revenue streams and integration
easier and cheaper. E-bikes and scooters will definitely find their way into bicycle
sharing systems or use bicycle sharing models to create their own system. Work is
currently being undertaken in developing the hardware and associated operational
support to handle charging both at the station and at a central location. An area of
potential huge growth is whether e-bike sharing can replace private scooter trips in
Asian cities, where scooter use can be up to 75 percent. If it could, the environmental
and social benefits could be enormous, as governments could then control emissions,

speeds and parking issues of significant importance.
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APPENDIX

WORKING ENVIRONMENT

ANACONDA NAVIGATOR is desktop GUI used to launch applications and also
manage packages in one place. Outlook

D Anaconda Navigator

& o

W Environments
.
W Learning

- Community

ANACONDA

Back up your
environments in
Nucleus for free

Easily back up, port, and
restore any environment

Documentation

Anacanda Blog

Yy & 2

CODING ENVIRONMENT

Jupyter notebook from the anaconda navigator is launched along with all the

5T

CMD.exe Prompt
011
Run a cmd.exe terminal with your current
environment from Navigator activated

o
Jupyter
S’

°
Notebook
63.0
Web-based, interactive computing
notebook environment. Edit and run
human-readable docs while describing the

Channels

a

Datalore

Online Data Analysis Tool with smart
coding assistance by JetBrains. Edit and run
your Python notebooks in the cloud and
share them with your team

Powershell Prompt
0.0
Run a Powershell terminal with your
current environment from Navigator
activated

IBM Watson Studio Cloud

IBM Watson Studio Cloud provides you the
tools to analyze and visualize datz, to
cleanse and shape dats, to create and train
machine learning models. Prepare data and
buitd models, using open source data
science tools or visual modeling

PyCharm Community
2021.2.4
An IDE by JetBrains for pure Python
development. Supports code completion,
listing, and debugging.

JupyterLab
30.14
An extensible environment For interactive
and reproducible computing, based on the
Jupyter Notebook and Architecture

Qt Console
503
PFyQt GUI that supports inline figures,
proper multiline editing with syntax
highlighting, graphical calltips, and more.

Refresh

preinstalled packages for python.
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Web-based, interactive computing
notebook envircnment. Edit and run
human-readable docs while describing the
data analysis.

Screenshots and Outputs

Decision Tree Algorithm

: Jupyter PT1 Decision tree Last Checkpoint: 15 minutes ago (autosaved)

File Edit

View Insert Cell

B+ x @B 4 ¥ PR

Inif21]:

In [22]: df = pd.read_csv("train.csv")

out[22]:

Iniif23]¢

out[23]:

In [24]:

import pandas as pd

df.head()

Kernel

Widgets

B C » Code

Help

—_
Jjupyter
b

Motebook

6.3.0

datetime season holiday workingday weather temp

atemp humidity windspeed casual registered count

0 2011-01-01 00:00:00
1 2011-01-01 01:00:00
2011-01-01 02:00:00
2011-01-01 03:00:00

TN

2011-01-01 04:00:00

df.isnull().sum()

datetime
season
holiday
workingday
weather
temp

atemp
humidity
windspeed
casual
registered
count
dtype: inte4

OO0 OO

print(f"""
Shape: {df.shape}
Tot size: {df.size}

1
1
1

0

©o o o o

0

©o ©o o o

1
1
1

984
9.02
9.02
9.84
9.84

50

14.395
13.635
13.635
14.395
14.395

81
80
80
75
75

0.0
0.0
0.0
0.0
0.0

3

o w o ®

13
32
27
10

1

16
40
32
13

1

Not Trusted

? Logout

| Python 3 (ipykernel) ©



: Ju pyte I PT1 Decision tree Last Checkpoint: 15 minutes ago (autosaved) P Logout

File Edit View Insert Cell Kernel Widgets Help Not Trusted | Python 3 (ipykernel) O

B + < @ B 4+ ¥ PRun B C MW Code v|| =

In [24]: print(f"""
Shape: {df.shape}
Tot size: {df.size}

)

Shape: (10886, 12)
Tot size: 130632

In [25]: def convertDatetime(x):
time = x[11:]
hour = time[:2]
hour = int(hour)
return hour

df["time"] = df["datetime"].apply(convertDatetime)

df.head()
out[25]: datetime season holiday workingday weather temp atemp humidity windspeed casual registered count time
0 2011-01-01 00:00:00 1 0 0 1 9384 14395 81 0.0 3 13 16 0
1 2011-01-01 01:00:00 1 0 0 1 902 13635 80 0.0 8 32 40 1
2 2011-01-01 02:00:00 1 [ 0 1 9.02 13635 80 0.0 5 27 32 2
3 2011-01-01 03:00:00 1 0 0 1 9384 14395 75 0.0 3 10 13 3
4 2011-01-01 04:00:00 1 0 0 1 984 14395 75 0.0 0 1 1 4
In [26]: df = df.drop(“datetime”, axis=1)
df.head()
out[26]: season holiday workingday weather temp atemp ind: d casual regi d count time
0 1 0 0 1 984 14395 81 0.0 3 13 16 0
1 1 0 0 1 9.02 13635 80 0.0 8 32 40 1
2 1 ) 0 1 902 13635 80 0.0 5 27 32 2
: Jupyter PT1 Decision tree Last Checkpoint: 16 minutes ago (autosaved) P Logout
File Edit View Insert Cell Kernel Widgets Help Not Trusted | Python 3 (ipykernel) O
+ < @A B 44 ¥ PRuin B C M Code v o =
out[26]: season holiday workingday weather temp atemp d d casual regi d count time
0 1 0 0 1 984 14395 81 0.0 3 13 16 0
1 1 0 0 1902 13635 80 0.0 8 32 40 1
2 1 0 0 1 902 13635 80 0.0 5 27 32 2
3 1 0 0 1 984 14395 75 0.0 3 10 13 3
4 1 0 0 1 984 14395 75 0.0 0 1 1 4
Create Model
In [27]: X = df.drop(“count”, axis=1)
y = df["count"]
In [28]: X.head()
out[28]: season holiday workingday weather temp atemp idi indspeed casual regi time
0 1 0 0 1 984 14395 81 0.0 3 13 0
1 1 0 0 1 902 13635 80 0.0 8 32 1
2 1 0 0 1 902 13635 80 0.0 5 27 2
3 1 0 0 1 984 14395 75 0.0 3 10 3
4 1 0 0 1 984 14395 75 0.0 0 1 4

In [29]: y.head()
out[29]: e 16
i 40
2 32
3 13
4 1
Name: count, dtype: inté64
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out[29]:

In [30]:

In [31]:

In [32]:

In [33]:

In [34]:
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(2] 16

1 40

2 32

3 13

4 %

Name: count, dtype: int64

from sklearn.model_selection import train_test_split
X_train, X _test, y train, y test = train_test_split(X, y, random_state=1)

print(f"""
X_train size: {X_train.shape}
X_test size: {X_test.shape}

y_train size: {len(y_train)}
test size: {len(y_test)}

X_train size: (8164, 11)
X_test size: (2722, 11)

y_train size: 8164
y_test size: 2722

from sklearn.tree import DecisionTreeRegressor

model = DecisionTreeRegressor()
model.fit(X_train, y_train)
pred = model.predict(X_test)

print(f"""
Size of pred: {len(pred)}

PT1 Decision tree Last Checkpoint: 16 minutes ago (autosaved)
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In [34]: print(f"""
Size of pred: {len(pred)}
oy
Size of pred: 2722
In [35]: from sklearn.metrics import mean_absolute_error, mean_absolute_percentage_error, r2_score
In [36]: mea = mean_absolute_error(y_test, pred)
mape = mean_absolute_percentage_error(y_test, pred)
r2 = r2_score(y_test, pred)
print(f"""
Mean absolute error: {mea}
Mean absolute percentage error: {mape}
R2 score: {r2}
oy
Mean absolute error: 3.012123438648053
Mean absolute percentage error: 0.014032820781970849
R2 score: 0.9989414908098242
In [37]: import matplotlib.pyplot as plt
In [41]: plt.scatter(X_test.index, y_test, marker=".", color="blue")

plt.scatter(X_test.index, pred, marker=".", color="gray", alpha=0.5)
plt.title("Acutal values vs Predicted values")

plt.xlabel("Count™)

plt.ylabel("Index")

plt.show()

Acutal values vs Predicted values

1000
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Mean absolute error: {mea}
Mean absolute percentage error: {mape}
R2 score: {r2}
Mean absolute error: 3.012123438648053
Mean absolute percentage error: ©.014032820781970849
R2 score: 0.9989414908098242
In [37]: dimport matplotlib.pyplot as plt
In [41]: plt.scatter(X_test.index, y_test, marker=".", color="blue")
plt.scatter(X_test.index, pred, marker=".", color="gray", alpha=0.5)
plt.title("Acutal values vs Predicted values™)
plt.xlabel("Count™)
plt.ylabel("Index")
plt.show()
Acutal values vs Predicted values
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In [100]:

In [101]: df = pd.read_csv("train.csv")

out[101]:

In [102]:

out[102]:

In [103]:

out[103]:

import pandas as pd

H C » Code

df.head()
datetime season holiday workingday weather temp atemp peed casual count
0 2011-01-01 00:00:00 1 0 0 1 984 14395 81 0.0 3 13 16
1 2011-01-01 01:00:00 1 0 0 1 902 13635 80 0.0 8 32 40
2 2011-01-01 02:00:00 1 0 0 1 902 13635 80 0.0 5 27 32
3 2011-01-01 03:00:00 1 0 0 1 984 14395 75 0.0 3 10 13
4 2011-01-01 04:00:00 1 0 0 1 984 14395 75 0.0 0 1 1
df.columns
Index([ ‘datetime’, ‘season', ‘holiday’, ‘workingday', ‘weather', ‘temp’,
‘atemp’, 'humidity', 'windspeed', ‘casual’, 'registered', ‘count'],

dtype="object")

df.isnull().sum()

datetime
season
holiday
workingday
weather
temp

atemp
humidity
windspeed
casual
registered

count
dtvna: intaa

PO O0OOOOOOOO®O®O
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out[103]: datetime
season
holiday
workingday
weather
temp
atemp
humidity
windspeed
casual
registered
count
dtype: inte64

OO0 O0OO0OOOOOO® OO

In [104]: df.describe()

out[1e4]: season holiday  workingday weather temp atemp humidity windspeed casual registered count

count 10886.000000 10886.000000 10886.000000 10886.000000 10886.00000 10886.000000 10886.000000 10886.000000 10886.000000 10886.000000 10886.000000

mean 2506614 0.028569 0.680875 1.418427 20.23086 23.655084 61.886460 12.799395 36.021955 155.552177 191.574132
std 1.116174 0.166599 0.466159 0.633839 7.79159 8.474601 19.245033 8.164537 49.960477 151.039033 181.144454
min 1.000000 0.000000 0.000000 1.000000 0.82000 0.760000 0.000000 0.000000 0.000000 0.000000 1.000000
25% 2.000000 0.000000 0.000000 1.000000 13.94000 16.665000 47.000000 7.001500 4.000000 36.000000 42.000000
50% 3.000000 0.000000 1.000000 1.000000 20.50000 24.240000 62.000000 12.998000 17.000000 118.000000 145.000000
75% 4.000000 0.000000 1.000000 2.000000 26.24000 31.060000 77.000000 16.997900 49.000000 222.000000 284.000000
max 4.000000 1.000000 1.000000 4.000000 41.00000 45.455000 100.000000 56.996900 367.000000 886.000000 977.000000

In [105]: print(f""
Shape: {df.shape}
Tot size: {df.size}

ney

Shape: (10886, 12)
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In [105]: print(f"""
Shape: {df.shape}
Tot size: {df.size}

)

Shape: (10886, 12)
Tot size: 130632

In [106]: df["datetime"”][0][11:]

out[106]: '0©0:00:00'

In [107]: def convertDatetime(x):
time = x[11:]
hour = time[:2]
hour = int(hour)
return hour

df["time"] = df["datetime"].apply(convertDatetime)

# df["time"] = df["datetime”].apply(lambda x: int(x[11:13]))

df.head()

out[107]: datetime season holiday workingday weather temp atemp d casual regi count time

0 2011-01-01 00:00:00 1 0 0 1 984 14395 81 0.0 3 13 16 0
1 2011-01-01 01:00:00 1 0 0 1 902 13635 80 0.0 8 32 40 1
2 2011-01-01 02:00:00 1 0 0 1 902 13635 80 0.0 5 27 32 2
3 2011-01-01 03:00:00 1 0 0 1 984 14395 75 0.0 3 10 13 3
4 2011-01-01 04:00:00 1 0 0 1 984 14395 75 0.0 0 1 1 4

In [108]: df = df.drop(“datetime”, axis=1)
df.head()

o0 Y
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In [108]: df = df.drop(“"datetime", axis=1)
df.head()
out[108]: season holiday workingday weather temp atemp humidity windspeed casual registered count time
0 1 0 0 1 984 14395 81 0.0 3 13 16 0
1 1 0 0 1 9.02 13635 80 0.0 8 32 40 1
2 1 0 0 1 9.02 13635 80 0.0 5 27 32 2
3 i 0 0 1 984 14395 75 0.0 3 10 13 3
4 1 0 0 1 984 14395 75 0.0 0 1 1 4
Create model
In [109]: df.head()
out[109]: season holiday workingday weather temp atemp humidity windspeed casual registered count time
0 1 0 0 1 984 14395 81 0.0 3 13 16 0
8 1 0 0 1 902 13635 80 0.0 8 32 40 1
2 1 0 0 1 902 13635 80 0.0 5 27 32 2
3 i 0 0 1 984 14395 75 0.0 3 10 13 3
4 1 0 0 1 984 14395 75 0.0 0 1 1 4
In [110]: X = df.drop(“count”, axis=1)
y = df["count"]
In [111]: X.head()
Out[111]: season holiday workingday weather temp atemp humidity windspeed casual registered time
0 1 0 0 1 984 14395 81 0.0 3 13 0
4 4 a o 4 ann 42p0p on an o 29 4
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out[111]: season holiday workingday weather temp atemp d d casual regi d time
0 1 0 0 1 984 14395 81 0.0 3 13 0
1 1 0 0 1 902 13635 80 0.0 8 32 1
2 1 0 0 1 902 13635 80 0.0 5 27 2
3 1 0 0 1 984 14395 75 0.0 3 10 3
4 1 0 0 1 984 14395 75 0.0 0 1 4
In [112]: y.head()
out[112]: @ 16
1 40
2 32
3 13
4 1
Name: count, dtype: inté4
In [113]: from sklearn.model_selection import train_test_split
In [114]: X_train, X_test, y train, y test = train_test_split(X, y, random_state=1)
In [115]: print(f"""

X_train size: {X_train.shape}
X_test size: {X_test.shape}

y_train size: {len(y_train)}
y_test size: {len(y_test)}

X_train size: (8164, 11)
X_test size: (2722, 11)

y_train size: 8164
y_test size: 2722
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X_train size: (8164, 11)
X_test size: (2722, 11)
y_train size: 8164
y_test size: 2722
In [116]: from sklearn.ensemble import RandomForestRegressor
In [117]: model = RandomForestRegressor()
model.fit(X_train, y_train)
pred = model.predict(X_test)
In [118]: |print(f"""
Size of pred: {len(pred)}
Size of pred: 2722
In [124]: from sklearn.metrics import mean_absolute_error, mean_absolute_percentage_error, r2_score
In [125]: mea = mean_absolute_error(y_test, pred)

PT1-Random forest Last Checkpoint: 5 minutes ago (autosaved)

mape = mean_absolute_percentage_error(y_test, pred)
r2 = r2_score(y_test, pred)

print(f"""

Mean absolute error: {mea}

Mean absolute percentage error: {mape}

R2 score: {r2}

nny

Mean absolute error: 1.385991917707568
Mean absolute percentage error: ©.006822891183174697
R2 score: ©.9996475560623459

Not Trusted

P Logout

] Python 3 (ipykernel) O

— Jupyter

File Edit View Insert Cell Kernel Widgets Help
B + < A B 44 ¥ PRin B C MW Code v | =
r2. = r‘2_scoFe(y_test:' pred) o o ‘
printCET="
Mean absolute error: {mea}
Mean absolute percentage error: {mape}
R2 score: {r2}
iy
Mean absolute error: 1.385991917707568
Mean absolute percentage error: ©.006822891183174697
R2 score: 0.9996475560623459
In [121]: import matplotlib.pyplot as plt
In [129]: plt.scatter(X_test.index, y_test, marker=".", color="blue")

PT1-Random forest Last Checkpoint: 5 minutes ago (autosaved)

plt.scatter(X_test.index, pred, marker=".", color="red", alpha=0.5)

plt.title("Acutal values vs Predicted values")
plt.xlabel("Count™)
plt.ylabel("Index")

plt.show()
Acutal values vs Predicted values
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SOURCE CODE :

Decision Tree:

import pandas as pd
df = pd.read_csv("train.csv")
df.head()
df.isnull().sum()
print(f"™"
Shape: {df.shape}
Tot size: {df.size}
")
def convertDatetime(x):
time = x[11:]
hour = time[:2]
hour = int(hour)

return hour

df["time"] = df["datetime"].apply(convertDatetime)
df.head()

df = df.drop("datetime", axis=1)

df.head()

X = df.drop("count", axis=1)

y = df["count"]

X.head()

y.head()

from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(X, y, random_state=1)
print(X_train)

print(y_train)

print(X_test)

print(y_test)

print(f"™"

X_train size: {X_train.shape}
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X_test size: {X test.shape}

y_train size: {len(y_train)}

y_test size: {len(y_test)}

")

from sklearn.tree import DecisionTreeRegressor

model = DecisionTreeRegressor()

model fit(X_train, y_train)

pred = model.predict(X_test)

print(f"™"

Size of pred: {len(pred)}

")

from sklearn.metrics import mean_absolute_error, mean_absolute_percentage_error,
r2_score

mea = mean_absolute_error(y_test, pred)

mape = mean_absolute_percentage_error(y_test, pred)
r2 = r2_score(y_test, pred)

print(f"""

Mean absolute error: {mea}

Mean absolute percentage error: {mape}

R2 score: {r2}

Illlll)
import matplotlib.pyplot as plt

plt.scatter(X_test.index, y_test, marker=".", color="blue")
plt.scatter(X_test.index, pred, marker=".", color="gray", alpha=0.5)
plt.title("Acutal values vs Predicted values")

plt.xlabel("Count")

plt.ylabel("Index")

plt.show()
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Random Forest:

import pandas as pd
df = pd.read_csv("train.csv")
df.head()
df.columns
df.isnull().sum()
df.describe()
print(f"™"
Shape: {df.shape}
Tot size: {df.size}
")
df["datetime"][0][11:]
def convertDatetime(x):
time = x[11:]
hour = time[:2]
hour = int(hour)

return hour

df["time"] = df["datetime"].apply(convertDatetime)

# df["time"] = df["datetime"].apply(lambda x: int(x[11:13]))
df.head()

df = df.drop("datetime", axis=1)

df.head()

df.head()

X = df.drop("count", axis=1)

y = df["count"]

X.head()

y.head()

from sklearn.model_selection import train_test_split
X_train, X _test, y_train, y_test = train_test_split(X, y, random_state=1)
print(X_train)

print(y_train)

print(X_test)

59



print(y_test)
print(f""ll
X_train size: {X_train.shape}

X_test size: {X test.shape}

y_train size: {len(y_train)}

y_test size: {len(y_test)}

")

from sklearn.ensemble import RandomForestRegressor
model = RandomForestRegressor()

model.fit(X_train, y_train)

pred = model.predict(X_test)

print(f"""

Size of pred: {len(pred)}

")

from sklearn.metrics import mean_absolute_error, mean_absolute _percentage_error,
r2_score

mea = mean_absolute _error(y_test, pred)

mape = mean_absolute_percentage_error(y_test, pred)
r2 =r2_score(y_test, pred)

print(f"™"

Mean absolute error: {mea}

Mean absolute percentage error: {mape}

R2 score: {r2}

Illlll)
import matplotlib.pyplot as plt

plt.scatter(X_test.index, y_test, marker=".", color="blue")
plt.scatter(X_test.index, pred, marker=".", color="red", alpha=0.5)
plt.title("Acutal values vs Predicted values")

plt.xlabel("Count")

plt.ylabel("Index")

plt.show()
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