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ABSTRACT

The increasing availability of trajectory recordings has led to the mining of a massive
amount of historical track data, allowing for a better understanding of travel behaviors
by revealing meaningful motion patterns. In the context of human mobility analysis,
the problem of motion prediction assumes a central role and is beneficial for a wide
range of applications, including for touristic purposes, such as personalized services
or targeted recommendations, and sustainability studies related to crowd
management and resource redistribution. This paper tackles a particular case of the
trajectory prediction problem, focusing on large-scale mobility traces of short-term
foreign tourists. These sparse trajectories, short and non-repetitive, lack spatial and
temporal regularity, making prediction analysis based on individual historical motion
data unreliable. To face this issue, we hereby propose a deep learning-based
approach, taking into account the collective mobility of tourists over the territory. The
underlying semantics of motion patterns are captured by means of a long short-term
memory (LSTM) neural network model trained on pre-processed location sequences,
aiming to predict the next visited place in the trajectory. We tested the methodology
on a real-world big dataset, demonstrating its higher feasibility with respect to
traditional approaches. Our focus and intended application are related to tourists’
mobility within the growing field of smart tourism. Smart tourism integrates tourism
resources with information technologies to design intelligent services to provide
valuable outcomes to tourists and tourism-related industries. The development of
smart tourism is particularly embodied in four main aspects, namely tourism
experience, tourism management, tourism service. sustainability studies related to
crowd management and resource redistribution. In general, this study contributes to
the expansion of tourists’ mobility analysis in the direction of actively integrating

artificial intelligence into the tourism sector.
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CHAPTER -1
INTRODUCTION

As a highly applicable tool, prediction has been widely applied to various fields of
society and has achieved good application results and as an important driving engine
of the national economy, tourism plays a vital role in the development of all countries.
As a tourism great nation, inbound tourism has important position in the development
of China tourism market, and is an important source of China foreign exchange
earnings. With the increasing number of foreign tourists, the effective forecasting of
China inbound foreign visitors has become an important reference for the pricing and
resource allocation of the tourism market. However, traditional studies based on
historical statistics have a certain hysteresis quality, which limits the short-term
effectiveness of prediction. In addition, forecasting based on traditional historical data
are always affected by uncontrollable factors such as natural disasters, thereby, it also
reduces the accuracy of prediction. To overcome this obstacle, tourism demand
forecast based on the internet. But in terms of methods, most existing researches still
focus on measurement models such as time series analysis and regression analysis.
Although it is convenient and easy to use, in the case of too many variables, the result
of multicollinearity is often difficult to avoid. In order to solve this problem, many articles
generally perform principal component analysis on multiple independent variables but
this operation will greatly weaken the amount of information carried by the independent
variables. To solve this problem, this paper uses the Random Forest (RF) method
which is suitable for multiple variable scenarios to predict the number of China inbound
foreign visitors based on Google Trends data. The validity of the data and the

rationality of the method are both verified by higher prediction accuracy.



1.1 FORECASTING

Forecasting is the process of projecting past sales demand into the future.
Implementing a forecasting system enables you to assess current market trends
and sales quickly so that you can make informed decisions about the
operations. It is a planning tool that enables businesses to chart their next
moves and create budgets that will hopefully cover whatever uncertainties may

OCCuUr.

1.1.1 Types of Forecasting

e Quantitative

e Qualitative

1.2 FOREIGN VISITORS FORECASTING

Foreign visitors forecasting is the process of predicting the number of tourists or
visitors that will travel to a particular destination from other countries. It is an important
task for tourism industry stakeholders such as hotels, airlines, and governments, as it
helps them plan for and manage tourism activities. Foreign visitors forecasting is a
critical task for the tourism industry, and accurate predictions can help stakeholders
make informed decisions about tourism activities, investments, and marketing
strategies. They can also help enterprises to plan their marketing and advertising
efforts. Foreign visitors forecasting can help businesses make informed decisions
about allocating resources. Foreign visitors forecasting is not an exact science, and
uncertainty is always involved. However, sales forecasts can give businesses a good

idea of what to expect in the future and help them plan accordingly.



1.2.1 Pros and Cons
Pros:

1. Predicting the number of foreign visitors to a particular destination
can help tourism industry stakeholders allocate resources more
efficiently. For example, hotels can better manage their room
inventory, and airlines can adjust their flight schedules to meet
demand.

2. By accurately predicting visitor numbers, tourism industry
stakeholders can develop more effective marketing strategies. This
can help attract more visitors to a destination and increase tourism
revenue.

3. Accurate predictions of foreign visitor numbers can help
governments and other stakeholders measure the economic impact
of tourism on a destination. This information can be used to inform
policy decisions and allocate resources to support the tourism
industry.

4. In the event of a natural disaster or other disruptive event, tourism
industry stakeholders can use forecasting data to adjust their
operations and minimize the impact on visitors.

5. Predicting the number of foreign visitors can help tourism industry
stakeholders plan their budgets and investments. This includes

marketing budgets, capital expenditures, and revenue projections.



cons:

1.

Predicting tourism demand is inherently difficult, and there are many
factors that can influence visitor numbers that are beyond the control of
stakeholders. This includes unexpected events such as natural disasters,

political instability, or global pandemics.

. Potential for overestimation or underestimation: If forecasting methods

are inaccurate or if unforeseen events occur, tourism stakeholders may
overestimate or underestimate visitor numbers. This can lead to
underutilized resources or missed opportunities.

Inaccuracy of forecasting methods: No forecasting method is perfect, and
some methods may be more accurate than others depending on the
specific context. It is important for stakeholders to carefully consider the
strengths and limitations of different methods when making decisions
based on forecasted data.

Difficulty in predicting long-term trends: While forecasting can be useful
for short-term planning, it is often more difficult to predict long-term trends
in tourism demand. This is because many factors that influence tourism
are subject to change over time, such as economic conditions, travel

restrictions, and consumer preferences.

1.3 FOREIGN VISITOR PREDICTION:

Foreign visitor prediction is the process of forecasting the number of tourists or

visitors that will travel to a particular destination from other countries. This is an

important task for stakeholders in the tourism industry, including hotels, airlines, and

local governments, as it helps them plan for and manage tourism activities. Accurate

predictions of visitor numbers can help stakeholders allocate resources more

effectively, plan their budgets and investments, and target specific markets more

effectively.



1.4 SPECIFICATIONS
1.4.1 HARDWARE CONFIGURATION
e Processor- 15
e Speed -3 GHz
e RAM - 8GB (min)
e Hard Disk -500 GB
e Key Board - Standard Windows Keyboard
e Mouse - Two or Three Button Mouse
e Monitor - LCD

o Ethernet connection :(LAN)

1.4.2 SOFTWARE CONFIGURATION
e Microsoft Excel sheet
o Power Bl Application

e \Web Browser



CHAPTER - 2

LITERATURE SURVEY

2.1 Big Data analytics for forecasting tourism destination arrivals

with the applied Vector Autoregression model

The prediction of tourist numbers is important for Destination Management and
Marketing. While most existing methods rely on well-structured statistical data, using
web search queries of the destination to forecast its tourist arrivals is a new way to
apply Big Data analytics. However, there are no studies exploring correlation of
weather, temperatures, weekends and public holidays with tourism destination arrivals
and web search queries of the destination, respectively. This study uses the Vector
Autoregressive modeling to examine the Granger causality between actual arrivals of
the studied cultural tourism destination and its web search queries, and to explore the
correlation mentioned above. The striking result is that weather has no correlation
either with actual arrivals of the studied cultural tourism destination, or with its web
search queries. Meanwhile, unlike previous researchers who discuss the predictive
power of web queries on actual tourism flows, this study emphasizes their reciprocal
predictive powers upon each other. The originality of this study is exemplifying the
utilization of Big Data analytics in the tourism domain with Big Data datasets, data
capture techniques, analytical tools, and analysis results. This study further digs
possible reasons for an identified short time lag length (p=2), to provide insights for

Destination Management and Marketing.

2.2 Big data from dynamic pricing: A smart approach to tourism

demand forecasting

The task of demand forecasting is often based on dynamic statistical models -
mainly involving time series analysis — or model-free machine learning techniques.
Such models present one main drawback that limit their application in long-term
forecasting: the need to identify informative variables at very large lags or to accept
increasingly wider confidence intervals in the case of dynamic forecasting. Predicting
the sectoral demand is not simple even in the short term, when small area or high-

frequency details are requested. In fact, official statistics are not usually published



with high time-space detail or — when available — they are neither complete nor
timely. In this paper, we explore the possibility to exploit public big data to partially
overcome these problems in all those industries where online dynamic pricing is
spreading as a marketing-management practice. In particular, we focus on the
accommodation sector, as it is important for the economies of many locations
worldwide and above all, characterized by a huge number of decision makers
interested in making daily forecasts about arrivals for circumscribed periods like
summer, weekends, or days when fairs or other relevant events are held. Buono et
al. (2017) highlight the potential of online price data in nowcasting and forecasting
inflation, though this kind of big data has not been extensively studied in
macroeconomics. In the field of tourism, according to Li et al. (2018), big data are
drawn from three primary sources: social media, devices, and operations. They
originate mainly from the behavior of customers (even potential), while online sales
prices are among the few operations generated by the supply side. Surprisingly, big
data analytics have not yet considered hotels’ pricing strategies - i.e., the whole set
of prices that a hotel publishes on an Online Travel Agency (OTA) at different
advance bookings. As we further argue, these data represent one of the most
effective examples of shared knowledge regarding businesses’ expectations about
future demand, allowing for high-frequency prediction, even in a small geographic

area.

2.3 A systematic literature review on the use of big data for
sustainable tourism

Big data has attracted substantial interest from researchers as a means to obtain
insights to find solutions, new strategies, and to uncover hidden potentials for an array
of purposes (Mayer-Schonberger & Cukier). Big data is a term that primarily describes
datasets that are so large, unstructured and complex that they require advanced and
unique technologies to store, manage, analyse and visualize data (Gunther et al.).
Datasets with such features are emerging from multiple economic sectors. Among
them, the tourism sector has distinctive characteristics, like. the intangibility and
perishability of products and the vulnerability to natural, economic and political
phenomena. The tourism industry thrives on information. As such, research on tourism

requires large volumes of vigorous, updated, timely and relevant information to support



and help decision-making processes. Big data can deliver up-to-date and immensely
informed inferences regarding behaviour and human activity that enhance the tourism
industry (Xu & Whitmarsh). Through the tourist, a plethora of data sources can inform
decisions made at different phases, such as before, during and after a trip. One
example of a popular data source is social media, which is used by tourists and also
tourism businesses to communicate, find or deliver relevant information or any
recommendation, and to obtain information about important news and crises Among
the branches of tourism, sustainable tourism has understandably gained traction in
recent years (Demunter et al). Sustainable tourism is not only about achieving
economic purposes, but also assessing environmental, and social dimensions with the
focus on mitigating or remediating environmental, social and economic impacts
(Loaiza et al). This type of tourism also has an important role in the achievement of
the 2030 Agenda of Sustainable Development Goals (SDGs) (UNWTO & UNDP). In
particular, it can accelerate the accomplishment of all goals in the agenda because it

has a multiplier effect on other sectors.

2.4 Sustainable tourism research: an analysis of papers published in

the Journal of Sustainable Tourism

Decision-making in tourism development and planning is becoming increasingly
complex as organizations and communities have to come to terms with the competing
economic, social and environmental demands of sustainable development.
Geographical Information Systems (GIS) can be regarded as providing a tool box of
techniques and technologies of wide applicability to the achievement of sustainable
tourism development. Spatial (environmental) data can be used to explore conflicts,
examine impacts and assist decision-making. Impact assessment and simulation are
increasingly important in tourism development, and GIS can play a role in auditing
environmental conditions, examining the suitability of locations for proposed
developments, identifying conflicting interests and modelling relationships. Systematic
evaluation of environmental impact is often hindered by information deficiencies but
also tools for data integration, manipulation, visualization and analysis. GIS seems
particularly suited to this task. This paper examines the progress tourism related
organizations are making towards the utilization of GIS and its integration with the
principles of sustainable development in the UK.



CHAPTER -3
METHODS &ALGORITHM USED
3.1 PROJECT DEVELOPMENT:

In this section, there is an overview of the process of data mining and data
modelling, from collecting the data, through the data preparation and finally the data
modeling. Data cleaning and formatting can be considered as the most critical part of
the whole project according to several data scientists. Figure 3.1 shows how the

process of data mining works to extract knowledge using algorithms.

)
Business )[ Data
understanding Lunderstandir\g
A
Data
preparation
Deployment Data
Modeling
Evaluation

Fig:3.1 Project Development



3.2 DATA ANALYTICS:

The process of data analysis, or alternately, data analysis steps, involves
gathering all the information, processing it, exploring the data, and using it to find
patterns and other insights. The process of data analysis consists of: Data
Requirement Gathering: Ask yourself why you’re doing this analysis, what type of data

you want to use, and what data you plan to analyses.
3.2.1 Data Collection:

Guided by your identified requirements, it's time to collect the data from your
sources. Sources include case studies, surveys, interviews, questionnaires, direct

observation, and focus groups. Make sure to organize the collected data for analysis.
3.2.2 Data Cleaning:

Not all the data you collect will be useful, so it’s time to clean it up. This process is
where you remove white spaces, duplicate records, and basic errors. Data cleaning is

mandatory before sending the information on for analysis.
3.2.3. Data Analysis:

Here is where you use data analysis software and other tools to help you interpret
and understand the data and arrive at conclusions. Data analysis tools include Excel,

Python, R, Looker, Rapid Miner, Charito, Meta base, Rehash, and Microsoft Power BI.

3.2.4. Data Interpretation:

Now that you have your results, you need to interpret them and come up with the

best courses of action based on your findings.

3.2.5. Data Visualization:

Data visualization is a fancy way of saying, “graphically show your information in a
way that people can read and understand it.” You can use charts, graphs, maps, bullet
points, or a host of other methods. Visualization helps you derive valuable insights by

helping you compare datasets and observe relationships.

10



3.2.6 Types of Data Analysis:

The four types of data analysis are:
1. Descriptive Analysis

2. Diagnostic Analysis

3. Predictive Analysis

4. Prescriptive Analysis

3.3 DESCRIPTIVE ANALYSIS:

Descriptive analytics answer the question, “What happened?”. This type of analytics
is by far the most commonly used by customers, providing reporting and analysis

centered on past events. It helps companies understand things such as:
* How much did we sell as a company?

» What was our overall productivity?

* How many customers churned in the last quarter?

Descriptive analytics is used to understand the overall performance at an aggregate
level and is by far the easiest place for a company to start as data tends to be readily
available to build reports and applications. It's extremely important to build core
competencies first in descriptive analytics before attempting to advance upward in the
data analytics maturity model. 23 Core competencies include things such as data
modeling fundamentals, communicating data with right visualization and basic
dashboard skills. It's likely you've adopted some form of descriptive analytics
internally, whether that be static P&L statements, PDF reports, or reporting within an
analytics tool. For a true descriptive analytics program to be implemented, the
concepts of repeatability and automation of tasks must be top of mind. Repeatability
in that a data process is standardized and can be regularly applied with minimal effort
(think a weekly sales report), and automation in that complex task (VLOOKUPS,
merging of excel spreadsheets, etc.) are automated—requiring little to no manual

intervention.

11



3.3.1. DIAGNOSTIC ANALYSIS:

Diagnostic analytics, just like descriptive analytics, uses historical data to answer a
question. But instead of focusing on “what”, diagnostic analytics addresses the critical
question of why an occurrence or anomaly occurred within your data. Diagnostic
analytics also happens to be the most overlooked and skipped step within the analytics
maturity model. Anecdotally, | see most customers attempting to go from “what
happened” to “what will happen” without ever taking the time to address the “why did

it happen” step. This type of analytics helps companies answer questions such as:
* Why did our company sales decrease in the previous quarter?
» Why are we seeing an increase in customer churn?

 Why is a specific basket of products vastly outperforming their prior year sales
figures? Diagnostic analytics tends to be more accessible and fit a wider range of use
cases than machine learning/predictive analytics. You might even find that it solves
some business problems you earmarked for predictive analytics use cases. Being at
the diagnostic analytics phase likely means you’ve adopted a modern analytics tool.
Most modern analytics tools contain a variety of search-based, or lightweight artificial
intelligence capabilities. 24 These features allow for detailed insights a layer deeper
(for example: the Key Drivers visualization in Power Bl, or Qlik’s search-based insight
functionality). To be clear, these are an effective lightweight means to address
diagnostic analytics use cases but are not a means to a full-scale implementation.
Software vendors like Sisu have built their core business around addressing diagnostic
analytics use cases (what they call “augmented analytics”) and are a great bet.
Diagnostic analytics is an important step in the maturity model that unfortunately tends
to get skipped or obscured. If you cannot infer why your sales decreased 20% in 2020,
then jumping to predictive analytics and trying to answer “what will happen to sales in

2021” is a stretch in advancing upward in the analytics maturity model.

12



3.3.2. PREDICTIVE ANALYSIS:

Predictive analytics is a form of advanced analytics that determines what is likely to
happen based on historical data using machine learning. Historical data that
comprises the bulk of descriptive and diagnostic analytics is used as the basis of
building predictive analytics models. Predictive analytics helps companies address

use cases such as:
* Predicting maintenance issues and part breakdown in machines.
* Determining credit risk and identifying potential fraud.

* Predict and avoid customer churn by identifying signs of customer dissatisfaction.
At the outset of any predictive analytics build, three core elements need to be

established:
* Identify a problem to solve,
» Define what is you want to predict, and

« State what you will achieve by doing so. To start you should collect existing data,
organize data in a useful way to allow for data modeling, cleanse your data and review
overall quality, and finally determine your modeling objective. 25 While modeling takes
up the spotlight in predictive analytics, data prep is a crucial step that needs to happen
first. This is why organizations with a rock-solid foundation in descriptive and
diagnostic analytics are better equipped to handle predictive analytics. Simply put, the
time and effort to prep, transform, and ensure data quality for retrospective reporting
has already taken place. The groundwork should be relatively well laid to quickly
identify and leverage data for the modeling phase. | always encourage customers with
well-defined KPIs and business logic in a specific business reporting area (think sales
reporting for example) to use that as the first predictive analytics use case. The goal
is to derive value quickly, and there is no better place to start than an area where you

know data is well defined and of high quality.

13



3.3.3. PRESCRIPTIVE ANALYSIS:

Prescriptive analytics is the fourth and final pillar of modern analytics. Prescriptive
analytics pertains to true guided analytics where your analytics is prescribing or
guiding you toward a specific action to take. It is effectively the merging of descriptive,
diagnostic, and predictive analytics to drive decision making. Existing scenarios or
conditions (think your current fleet of freight trains) and the ramifications of a decision
or occurrence (parts breakdown on the freight trains) are applied to create a guided
decision or action for the user to take (proactively buy more parts for preventative
maintenance). Prescriptive analytics requires strong competencies in descriptive,
diagnostic, and predictive analytics which is why it tends to be found in highly
specialized industries (oil and gas, clinical healthcare, finance, and insurance to name
a few) where use cases are well defined. Prescriptive analytics help to address use

cases such as:

» Automatic adjustment of product pricing based on anticipated customer demand and

external factors.

* Flagging selects employees for additional training based on incident reports in the
field. 26 Prescriptive analytics’ primary aim is to take the educated guess or
assessment out of data analytics and streamline the decision-making process.
Prescriptive analytics is commonly considered the merging of descriptive, diagnostic,
and predictive analytics. Getting started isn’t so much a step-by-step list but rather the
time and effort up front to build your competencies within the analytics maturity curve.
Simply put, there is no starting point in prescriptive analytics without the requisite first
three pillars of modern analytics being established first. If you're ready for prescriptive
analytics, then quantifying your call to action and the underlying criteria will be the first
requirement. For example: if the use case is to call corrective action for an employee
(i.e. — additional training based on poor performance) then the factors that necessitate
this action must be firmly established and the action itself must be clearly defined.
Knowing how each kind of analytics helps you better understand your data and how

to use it.
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3.4 System Requirements:
3.4.1 Windows:

* Microsoft® Windows® 7/8/10 64-bit
* 4 GB RAM minimum, 8 GB RAM recommended
» 2 GB of available disk space minimum,

* 4 GB Recommended 500 MB for IDE + 1.5 GB for Android SDK and emulator system

image
* 1280 x 800 minimum screen resolution

3.4.2 Mac:

* Mac® OS X® 10.10 Yosemite or higher, up to 10.14 macOS Mojave
* 4 GB RAM minimum, 8 GB RAM recommended
2 GB of available disk space minimum,

* 4 GB Recommended 500 MB for IDE + 1.5 GB for Android SDK and emulator system

image

3.4.3 Linux:

* GNOME or KDE desktop - Tested on Linux based on Debian.
* 64-bit distribution capable of running 32-bit applications

* GNU C Library glibc 2.19 or later 17

* 4 GB RAM minimum, 8 GB RAM recommended

» 2 GB of available disk space minimum.

15



3.5 POWER BI:

Power Bl is an interactive data visualization software product developed by
Microsoft with a primary focus on business intelligence. It is part of the Microsoft Power
Platform. Power Bl is a collection of software services, apps, and connectors that work
together to turn unrelated sources of data into coherent, visually immersive, and
interactive insights. Data may be input by reading directly from a database, webpage,
or structured files such as spreadsheets, CSV, XML, and JSON. Microsoft Power Bl
is a business intelligence (Bl) platform that provides nontechnical business users with
tools for aggregating, analyzing, visualizing and sharing data. 27 Power Bl's user
interface is fairly intuitive for users familiar with Excel, and its deep integration with
other Microsoft products makes it a versatile self-service tool that requires little upfront
training. Users can download an application for Windows 10, called Power Bl Desktop,
and native mobile apps for Windows, Android and iOS devices. There is also Power
Bl Report Server for companies that must maintain their data and reports on premises.
That version of Power Bl requires a special version of the desktop app -- aptly called

Power Bl Desktop for Power Bl Report Server.
3.5.1 USES OF POWER BI:

Microsoft Power Bl is used to find insights within an organization's data. Power Bl can
help connect disparate data sets, transform and clean the data into a data model and
create charts or graphs to provide visuals of the data. All of this can be shared with
other Power Bl users within the organization. The data models created from Power Bl

can be used in several ways for organizations, including the following:
» telling stories through charts and data visualizations;
» examining "what if* scenarios within the data;

» creating reports that can answer questions in real time and help with forecasting to
make sure departments meet business metrics. Power Bl can also provide executive
dashboards for administrators or managers, giving management more insight into how

departments are doing

16



3.6 METHODOLOGY:

The project is implemented in Microsoft excel and Microsoft power Bi.

* We need to collect the data set for our product, over a year or 365 days.
+ So, we are creating a data set for our product
* Thatincludes:

Count

Month

Student
Strength
Duration

Mode of Travel
Location
Ethnicity

0 N o g bk wbd=

9. Home Country
10.Gender
11.Age

Now enter the dataset in Microsoft excel sheet as per the date and month as show in
the fig 3.2

17
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Sum of Visitors: by Year and Month
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¢ In 2017 May has highest number of visitors.
e From 2017 to 2019 all April month has least number of visitors.
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This Chart(fig:3.3) is between Sum of Count by Duration.

People spend more duration at 5.

3 and 6 has same almost same duration.

7 has the least duration.

Sum of Count by Home Country
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FIG: 3.5 SUM OF COUNT BY HOME COUNTRY

e USA visitors is more among all others.
e (Canada and Russia as equal visitors.

e Australia as least Visitors among all countries.
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FIG: 3.6 SUM OF COUNT BY ETHINICITY

e American’s have highest count than others.
e Black and Asian people as equal number of visitors.

e White people as least Visitors.

21



Sum of Count

3M

M

Male Female Non-Binary
Gender

FIG: 3.7 SUM OF COUNT BY GENDER
« This graph is between Sum of count and Gender.

e There are more Male visitors than female visitors.

e Here we can also see non-binary visitors.
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CHAPTER -4
RESULT & DISCUSSION

The performance of the Prediction is mostly focused on Prediction accuracy, Accuracy
in each table and confusion matrix which shows the number of predictions of each table
which can be compared to the instances of each table. From the data visualization it
was observed that the May month has the Visitors since it's a summer season we will
have more offers which will attract customers to buy the product and also Velachery

has highest sales among all other areas.

project-14 (1) - Power Bl Desktop student3 @

File Home Inset  Modeling  View Optimize  Help  Format  Data/Dril

i QLEREODR PR OEG B

ét

Get Excel Data SQL Enter Dataverse Recent = TransformRefresh = New Text More New  Quick Publish

< Fomatpainter | gatay workbook hubv Semver data Sourcesv datav visual box visualsv  mea ure
Clipboard Data Quernies nsert Sensitivity £ A
] Sum of Visitors: by Year and Month Sum of Visitors: by Year «  Visualizations » Data »
= = < Build visual o
— Search
& n
L F r{}' @ ~
88 SN B > B8 Table1
=] w
[ o
: Dt e EMENEN *E*
e = b 0 A B W e
il BELOOE
> tye o©n C¥AEEHE
. - BEERWE
AR QLR
Month
— ®D -
Sum of Visitors: by Year 92 F
o N Drill through
i cempare ountend 5 Cross-report O
08M % Keep all filters D
2 Add drill-through fields here
5
s 30
£ S
. :
a
555 Age
Year L _ ¥
Page1 Page 2 Page3
Page 10f3 ——+ 0% O3
Velachery Road 1| s = - = . r NG o 1914
ti Construction [ | ] Q Search J,L“ L D - e ’ ‘ G @ ' g Q g _I ~ e IN ) 19-04-2023 Q

FIG:3.8 FOREIGN VISITORS PREDICTION

23



project-14 (1) - Power Bl Deskiop student3 @ - X

fle  Home Inset Modeing  View  Optimize  Help

7 BLEDAGD PR OHND BE © 4

Get Excel Data SQL Enter Dafaverse Recent | TranformRefresh |« New Text More | New Quick | Sensitiity | Publish
datav workbook hubv Server data sourcesv  dafav visual box visualsv | measure measure
Clipboard Deta Queries Insert Calcultions Sensitivty | Share 4
. « Visualizations % Data »
£Sum of Count by Age Sum of Count by Location Sum of Count by Home Country < Build visual
f— i " \}3 Search
i 1M H u“n D/ o
H ] 0
@g == i R = A ) B Tablet
| 2UENED E
P o N 2 10
] i 3 M E 1M
0
E ; g el
! 0 n
03 N
; II HFLEOOMH
05M
= o » \ ¢ N Al iy '8 ) 3 ) @ % n
& A g & AN R N
AN B 3 oW N & &
o 0 o 06 ¥ A @ g E BERNE
Sum of Count i
Location Home Country "E L; oa ? @ 'LE'
o A4 1688715 USA had te ighestSum of Countand.
Sum of Count by Gender Sum of Count by Ethinicty Was 298425 hgher than Australia which ad the Values
i 2 lowest Sum of Count at 471150,
: Add data flds here
i " USA accounted for 28,77% of Sum of Count,
i 15M o o : i
) " i Drillthrough
iz § Across all 6 ome Country, Sum of Count ranged from .
e 3 47115010 1688715, Cross-report 0ot
10 = 10M i
" 0 .
B g eepdlites @D
{1t ) i
O B : :
: 03h H Add dril-through fields here
o
M American  Asan  Black  latino  White :
Male Female Non-Binary Ethincity
Gender
X
Page! | Paged ~ Page3
EE—
Page 20f3 —+H——1t

>

“Z'Z:fmegﬁﬁ“ == Q Search ﬁ L Q : Q ﬁ ¢ @ I @ . E' @ ' U & E::f 9e 19-04-1290:2@

FIG:3.9 FOREIGN VISITORS PREDICTION

24



project-14 (1) - Power Bl Deskitop student3 @ =

fle ~ Home Inset Modeling View Optmze Help

- BLEREED FLOENG EE N4

Get Excel Data SQL Enter Dataverse Recent  TransformRefresh =~ New Tedt Mo  New Quick  Sensifwify | Publish
datav workbook hub Server data sourcesv  dafav visual box visualsv  measure measure
Clipboard Data Quenies Insert Calculgtions Sensitiity | Share A
‘U € Visualizations ~ » Data »
B i Sum of Count by Strength Sum of Count by Students <« B vl 0 St
100% a1 :
4051389 i " = ' Df
& Sum of Count 2l g > B Tablet
g "

- - : ; LHEZREL B
- : : BT
- y . HYEOOE
4360 280 s - . C¥a
| 40A0RE
9D~

of Cou

1 Co

Sum of Count by Month Sum of Count by Duration

: 0% Duration Vlugs
" Add data felds here
LB
” Drill through
. Cross-report o
: Keep al fiters
" Ao il ough ks e
0 i
"

Page! | Page2  Page3 XII
Show hidden icons

Page 3 0f3 —+H——+ W% 03

EE L B Hu0LCReEN00dEaN e T,

FIG:3.10 FOREIGN VISITORS PREDICTION

25



CHAPTER =5
CONCULSION & FUTURE WORK

CONCLUSION:

Predicting future foreign visitor arrivals is critical for tourism planning and marketing
purposes since it is currently one of India's key areas for economic growth. The Box-
Jenkins method was used in this study to analyze data on monthly foreign visitor
arrivals in India. Forecasters and government decision-makers can both profit from
this work in different ways. It serves as a manual for improving sample predictions in
the prediction context. These findings assist government decision-makers in
developing appropriate policies, planning and providing resources to society, and
making investment decisions. his study also found evidence of seasonal changes,
indicating the need for appropriate action to address the problem of declining numbers
of foreign visitors and tourism revenue during low season. For instance, the
government should run tourism campaigns, ease international traveler visa
requirements, create welcoming travel policies, introduce direct flights to cut down on
the number of tourists arriving by road, and appoint tourism ambassadors to market

the nation's tourist destinations abroad as well as promote domestic tourism.
FUTURE WORK:

The predictions presented in this study provide strong evidence about India’s future
foreign tourist profile and the reasons for consumers’ travel abroad behavior. The
developed machine-learning model is effectively trained even though the training data
is limited and uncertain. The training accuracy of the model confirms that the dominant
character of the departing foreign visitors by reasons is correctly captured. In addition,
the learned model is robust and stable since it can provide smooth and bounded for
the next ten years of multi-dimensional predictions. In particular, increases in arrivals
due to health, transit, and travel offer valuable opportunities for Indian tourism to gain

a competitive advantage in these areas.
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