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Summary

SITA is the world’s leading specialist in air transport communications and information technology which works
with around 400 air transport members and has 2800 customers in 190 countries. TS6 kiosk is the newest gen-
eration of its kiosk family and is facing a complicated situation now. Usually, the production of a kiosk is using
make-to-order methods. However, if this method is adopted, the customers of SITA can not receive their pro-
ductions within the expected periods of time. Besides this, SITA also can not get the procurement discount from
the suppliers if they only purchase a low volume and do not make changes. In order to solve this problem,
demand forecasting is conducted using the historical sales data of the TS6 kiosk. Through the literature review,
suitable qualitative forecasting methods and quantitative forecasting methods which were mainly used in the
FMCG industry are got together and combined to increase the forecast accuracy in this research to come out
with the final forecast result of the TS6 kiosk. This research also explores the possibility of demand forecasting
for the slow-moving consuming industry. By successfully conducting the final forecast, the result can help SITA
to shorten procurement lead time so as to meet customers’ expectations as well as save total costs.

KeyWords: Demand Forecasting, Quantitative ForecastingMethods, Qualitative ForecastingMethods, ARIMA,
SARIMA, Residual Analysis.
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1 | Introduction

1.1 Background

SITA is a world-leading company mainly providing service and IT support for airline operators and more than
400 airports. Themain customers include airports, airlines, ground handlers and airport groups. As shown below
in figure 1.1, SITA’s self-service hardware products mainly include kiosks, bag-drop, and gates. The kiosk is a
highly modular, cleverly designed, and highly customizable device that can be used in check-in, bag tagging, and
border control within airports[36]. After optimizing the fourth and fifth generations of the product, the sixth
generation is now available and has become more customized. The kiosk is designed to be used for 20 years,
but due to the fast changes in technology, customers usually choose to replace it with the next generation in 5-7
years.

Figure 1.1: SITA self service hardware products[36]

The Tailored Series 6 (TS6) kiosk which SITA produces is now made in the Burlington factory in Canada and all
kiosks are made to order(MTO). However, SITA now wants to introduce the made-to-stock(MTs) methodology
to its production. The first reason for this change in strategy is that improved manufacturing efficiency will
increase customer satisfaction, thus potentially increasing market share. Because normally the customers want
to receive the kiosk in 3 months after placing the order, the lead time actually is 10-16 weeks in procurement
and assembly normally takes 6-8 weeks. A figure which shows the timeline from procurement to delivery can
be found below in figure 1.2. Since it is very difficult to shorten the production, customs and shipping times,
the best way to satisfy customers is to find ways to shorten the procurement time. Forecasting kiosk sales in
advance and placing orders with suppliers in advance can significantly reduce the lead time for procurement.
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Figure 1.2: The timeline of one kiosk before reach the customers

The second reason is that if a large number of raw materials can be bought at once, SITA will receive a price
discount from the suppliers. Volume discount quantities are in the range of 10-50-100-250-500-1000 and SITA is
now buying 100 rawmaterials at a time, but the monthly sales are more than one hundred units. The relationship
between price discount and quantity can be found below in figure 1.3. So shifting to annual forecasts and trying
to make orders at 1000 quantity level will indeed have a chance to save cost. Sales forecasting can help determine
the number of orders to be placed and thus avoid excessive over-ordered or under-ordered. Due to these two
reasons, SITA wants to change its policy to MTS by performing yearly forecasting in advance for the next 4
years. More information about SITA, the TS6 Kiosks, and the available data can be found in the appendix.

Figure 1.3: The discount rate with quantity

In addition to the advantages from the company’s point of view, making TS6 sales forecasts in advance can
prevent rising costs due to temporary investment in production, training, and recruiting due to unstable demand
and insufficient production. Besides this, by taking into account obsolescence and inventory costs, forecasting
in advance can help make production plans in advance, and smooth the customer’s demand by producing in
advance when there are fewer orders and using current inventory when are too many orders.

Figure 1.4: The company benefit
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1.2 Data analysis for the current state

1.2.1 Market condition

In 2011, SITA divided its world customer market into 7 markets: EUR, APAC, AMER, MEIA, NAM, LAC and AFR.
NAM was merged into AMER in 2014, AFR was merged into MEIA in 2015, and LAC was merged into AMER in
2021. In 2022, SITA divide the market into EUR, APAC, AMER and MEIA, and the sales for these markets in the
last years can be found below in figure 1.5. Sales higher than 300 are marked in red to specify the good market
condition for that specific market. AMER has the highest sales 3354 pcs, followed by APAC which is 3275 pcs.
This figure also shows the 2015 has that best market condition.

Figure 1.5: The market condition

1.2.2 Kiosk sales in the last years

The historical sales data for kiosks S2, S3, S4, S5, TS6, NGK, Changi and T&F can be found below in figure 1.6
and 1.7. Among them, the S2, S3, S4, S5 and TS6 are the same kind of kiosks with different generations. The
NGK and Changi are specifically customised for airport NGK and Changi. T&F already stops selling due to the
very limited sales in the past years. Custom kiosk is the sum of NGK and Changi, and CUSS is the sum of all
other kiosks. The highest sales in the life cycle which is the period between phase-out time and the phase-in
time in the market of one generation is marked red in the figure. The figure shows that the total kiosk has the
highest sales in 2015. The life cycle for S3, S4, and S5 is 10 years, 7 years, and 6 years(at least).

Figure 1.6: Total kiosk sales in the past years
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Figure 1.7: Total sales data

Sales for one generation can also be found in the figures below. All of these sales curves except for S4 have one
common feature, which is that there is only one peak. The reason why there is 2 peak for the sales line of S4 is
not very clear in the interviews, but may be due to 3 reasons: (1) Fierce competition. (2) Customer buy advance
in 2015. (3) Bad market condition. With these figures, one assumption can be made which is there are certain
similarities in the sales patterns for these kiosks, so it is possible to use the historical sales data to make the
prediction for future sales.

Figure 1.8: Historical sales data for one generation
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1.2.3 Customer analysis

The customer analysis can also be found below in figure 1.9. In this analysis, the new customer is defined as the
customer who only buys one generation of kiosks and the repeat customer is defined as the customer who buys
serval different generations of kiosks. The total number of customers except NGK and Changi is 213. Among
them, the number of new customers is 149 and the number of repeat customer is 64. The S2 to S3 is calculated
by the average of the first date one customer buys S3 minus the first date that the customer buys S2, which is
the same formula for S3 to S4, S4 to S5, etc. This analysis also shows that the repeat customer counts for most
sales of the kiosks, especially for Ts6 which is more than 90%.

Figure 1.9: The customer analysis

1.3 Research scope

Generally, the kiosk is designed with different versions for different application scenarios. Figure 1.10 shows
different versions. However, only the normal kiosk which is especially used for check-in has the highest sales,
and the kiosk for different versions share more than 90% raw materials. In the S3 kiosk family, the check-in
S3 kiosk counts for 96.3% of total sales. The S4 family only have the check-in kiosk. Check-in S5 kiosk counts
for 95.4% of the total sales for the S5 family. Check-in TS6 kiosk counts for 98.4% of the total sales for the TS6
family. Besides this, NGK and Changi are specially designed for airport NGK and Changi because they are big
customers. The sales process of these two kiosks is different from other products. For this reason, this research
only considers using the historical sales data of the check-in kiosk (S2 to S5) to forecast the total sales of the TS6
check-in kiosk which is also called the TS6 flagship. Hereinafter referred to as TS6

Figure 1.10: SITA’s kiosk family[36]

Figure 1.10 and 1.11 shows the historical sales data for the check-in kiosks for different generations. Since
these generations are substitutes for each other, the increase in sales of one generation is often followed by a
decrease in sales of the next generation. Therefore, the sales of TS6 in the next four years must be related to the
introduction of S7 into the market.
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Figure 1.11: Check-in kiosk sales data

Figure 1.12: Total sales for the check in kiosk

1.4 Research questions

As mentioned before, the aim of this research is to provide SITA with accurate sales volume of TS6 Kiosk over
the next 4 years. For this reason, the main research question is as follows:

How can SITA forecast TS6 Kiosk demand based on historical sales data?

To answer these questions, the main research question is divided into the following sub-questions and their
relationships with research steps are also shown below.
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Figure 1.13: The steps with sub-questions

1.5 Research structure

The whole research is divided into 5 chapters. There will be an introduction to the research background and data
analysis of the current state in the first chapter which aims to give a clear start for the readers. Followed by the
literature review of qualitative and quantitative forecasting methods as well as the clear forecasting steps for the
methods used in this research. The research methodology will be illustrated in chapter 3 which shows the way to
combine different forecasting methods and the detailed process to do the experiments. The experiment outcome,
any further adjustments as well as future applications will be shown in chapter 4. Then, research conclusion as
well as research limitations will be illustrated in chapter 5.

1.6 Research contribution

This research will have two kinds of contributions. The first one is the contribution to theoretical research and
practical application. This research tries to combine different forecastingmethods for forecasting and verify them
in practical situations. Thus it can provide reference value in the combination of different forecasting methods
and practical applications. The second contribution is to be able to help SITA companies to make a strategic shift
from MTO to MTS, through which they can help them to improve customer satisfaction by reducing delivery
time, as well as to obtain price discounts from suppliers.
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2 | Literature Review

2.1 Forecast methods

There are many forecasting methods. The following section first highlights some of the qualitative forecasting
methods and quantitative forecasting methods, as well as explained how and why some of the methods are chose
to be used this research. The second part of the literature review is going to do an introduction of the related
techniques about the chose methods.

2.1.1 Qualitative forecasting

Qualitative forecasting is commonly used in practice. Normally, if the below 3 situations exist, the practition-
ers should consider using qualitative forecasting[24]. (1) No available historical data, so the only way to do
the forecast is to use qualitative forecasting methods. (2) Historical data is available, statistical predictions are
first made and then adjusted using the qualitative method; (3) Historical data is available, then combine both
qualitative and quantitative methods to do the forecasting. Normally, the statistical predictions should be taken
into consideration first if historical data exist. Also, the research shows that qualitative forecasting will have a
better result if the predictor has important expertise and up-to-date information. Qualitative forecasting can be
affected by excessive intervention, over-optimism[9], and a policy environment.

The Delphi method

The Delphi method is a structured, interactive forecasting method that relies on a panel of experts.[5], and this
methods show certain advantages compared with other structured forecasting methods so has been widely used
for the business forecast[15]. The Delphi method is based on the key assumption that predictions from groups are
generally more accurate than those from individuals[34]. The Delphi method usually consists of the following
stages[33]: (1)Formation of expert panels. (2) Assigned predictive tasks or challenges to the experts. (3)Experts
submit preliminary projections and rationale. (4) Feedback will be given to the experts and they will review
their forecast and make changes based on the feedback. This process will be repeated until the experts reach
an agreement. (5)The final forecast is constructed by aggregating the experts’ forecasts by certain calculation
method. However, this research does not consider using this method due to the whole process time of the Delphi
methods can be very long and it is quite difficult to find a panel of experts with corresponding experience.

The analogy forecast

The analogy forecast assumes one forecast model can also explain the behaviour of another phenomenon due to
they share certain similarities[29] and this methods is widely used in the pricing of a house by comparing the land
size, dwelling size, number of rooms between similar properties[19]. Analogical predictions can often produce
biases, and these biases are often difficult to identify. Predictions should be based on multiple dimensions of
analogy to reduce bias. And using a systematic approach to perform the comparison and prediction process can
also reduce bias. One of the systematic prediction methods is proposed by Green& Armstrong[14], which is a
method similar to the Delphi method but more focus on analogies. This methods involves the following steps: 1.
Form a team of experienced experts. 2. Problem set and assigned to the experts. 3. Experts identify the analogues
and make predictions. 4. By comparing the target situation and analogy, experts list similarities and differences,
and then rate the similarity on a scale. 5. Come out the final forecast by weighted average, ranking scores or
other rules.
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From interviews, for the development of kiosk, there is a big innovation and changes from S2 to S3, but small
innovation and changes from S3 to S4 and S4 to S5. For S5 to TS6, there is another big innovation and changes,
and the sale line of TS6 already shows some similarity compared with S3. For TS6 to S7, there will be only small
changes and innovation. By using the analogy forecast, the assumption is the sales line of S7, S4 and S5 will
have some similarities. With this assumption, the forecast of S7 will be coming out by using the sales data of
S4and S5.

Scenario forecasting

The scenarios forecast is to come out forecast based on plausible scenarios, and each scenarios may have some
possibility to be occurrence. According to the scenario forecasting approach which is commonly used by Shell,
the process is as follows [26]: Find the drivers and build the assumptions based on the drivers, first produce 7-9
mini-scenarios and try to reduce or combine them to only 2-3 by bringing the drivers together.
During the historical data analysis, it is obviously that the sales life cycle of TS6 will be influenced by the phase
in date of S7. So in this research, different scenarios for phase in date of S7 will be take into consideration, which
helps to come out a more comprehensive forecast.

Judgmental adjustments

If there are available historical sales data and statistical forecast generated by it, then apply the judgmental
adjustments will be very common for practitioners. The judgmental adjustments can provide information for the
factors that may not be accounted for in the statistical models, such as promotion, holidays, Large orders.etc.[19].
The judgmental adjustments should not used to correct a missing patterns in the statistical model, which has be
proven to be effective. This methods can also cause bias, because the users usually adjust much more than they
should. It is be proven that judgmental adjustments will be more accurate when there is a significant missing
information and the change is large in size, so the small adjustments should be avoid. Besides this, a negative
adjustment tends to help more in increasing the forecast accuracy than positive adjustments. [10]
After coming out the final forecast by statistical model, the result will be send to the expert of SITA to do some
judgmental adjustments. However, in order to avoid bias, only the significant changes are allowed to make and
the record document will be kept for further check.

2.1.2 Quantitative methods
Quantitative methods should only be applied when there is available historical data and there is reason to believe
that certain patterns will persist into the future[19]. After observing the sales figure for different series of kiosk,
there are certain similarity between the sales line of different series of kiosks. Therefore, it can be assumed that
the past patterns will continue into the future. Thus, kiosk’s prediction using a quantitative methods satisfies
the previous two preconditions.
Generally, the forecast model can be divided into explanatory model, time series models, and other advanced
forecasting methods like neural network models and bootstrapping and bagging etc. which include computer
Modeling and Simulation. However, after considering the disadvantages of machine learning methods which are
as follows: (1) The long-term accuracy improvements are not significant compared with the traditional methods
particularly when forecast time-series data at a weekly and even daily frequency[30]. (2) The machine learning
methods require the strong programming skills of the user and are more difficult to implement. (3) Need a lot of
data. The machine learning method is not used in the project.

Explanatory model

The explanatory model attempts to explain the relationship between the predictor variables and various factors
using formulas for situations where marketing plans, competitor activity, economic conditions, etc. have a very
strong influence on the forecast results. The explanatory model usually including the time series regression
models and dynamic regression models.
According to the information got from SITA’s expert, SITA normally does not have marketing plans and the
market for the kiosk is quite stable. Besides this, it is very difficult to collect data for different factors. So in this
research, the assumption is that the external factors do not have a fluctuating effect on the predicted results and
any big effect of these effects caused by the external factors can be adjusted through the judgemental adjustment
after the statistical forecast.
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Time series regression models
The core idea of the regression model is to assume some relationship between the predicted variable y and the
predictor variable x. Among them, the simplest linear regression model assumes the relationship between the
predicted variable y and the individual predictor as shown below, where theβ0, β1, εt represent the intercept,
slope and residuals.

yt = β0 + β1xt + εt (2.1)

When there are k predictor variables, the model is called a multiple linear regression model, and the general
form is as follows:

yt = β0 + β1x1,t + β2x2,t + · · ·+ βkxk,t + εt (2.2)

The basic assumptions of the linear regression model are as follows[23]: (1) The sample is representative. (2)
Sample data measured without error. (3) The expectation of residuals is zero. (4) Residuals are not correlated
with each other. (4)Residuals are not correlated with predictor variables. Besides this, in order to get the forecast
interval, a general assumption is to assume the residuals follow a normal distribution with a constant variance
σ2 [19], and in order to do the experiment, the forecast variable is also assumed to be not a random variable.
Usually, the model coefficients β0, β1, . . . , βk can be estimated using Least squares estimation[28]. The purpose
of the Least squares estimation is to minimize the sum of the squared errors, and its mathematical expression is
as follows:

T∑
t=1

ε2t =
T∑

t=1

(yt − β0 − β1x1,t − β2x2,t − · · · − βkxk,t)
2
. (2.3)

When performing regression analysis, we usually assume that the error term is zero to calculate the fitted value
of the predicted term with the following expression:

ŷt = β̂0 + β̂1x1,t + β̂2x2,t + · · ·+ β̂kxk,t. (2.4)

When testing the goodness of fit of a model, it can usually be judged using the coefficient of determination(R2),
which is derived by calculating the correlation between the observed y and predicted values ŷ with the following
expressions[7]:

R2 =

∑
(ŷt − ȳ)

2∑
(yt − ȳ)

2 (2.5)

When the predicted value is close to the observed value, theR2 will be close to 1. Otherwise, R2 will be close to
0. However, R2 will also increase with the number of explained variables. This problem can be solved by using
the adjusted R2 which can be expressed below[32], where T is the number of observations and k is the number
of predictor.

R̄2 = 1−
(
1−R2

) T − 1

T − k
(2.6)

Adjusted R also shows some problems when there are too many predictors[19]. Another way is to use AIC, BIC,
etc. to determine the goodness of fit of a model which can be found in the later paragraph.
Dynamic regression models
The dynamic regression model is actually the combination of the regression model and the time series model.
This model also tries to explain the relationship between a predicted variable and the predictors, but it also
takes into consideration the relationship between the predicted variable itself. This model can be expressed
below, where yt represents the predicted variables, xt represents the predictors, and ηt represents the error
term, However, in the dynamic regression model, the error term is allowed to be auto-correlation[19]. The
disadvantages of this model are as follows: (1) The model can be very difficult to understand. (2) It is very
difficult to get the predictors value in the further. (3) Compared with the normal time series model and regression
model, the accuracy of the predictions did not improve significantly. Due to these problems, this method is not
considered in the research.

yt = yt−1 + β0 + β1x1,t + β2x2,t + · · ·+ βkxk,t + ηt (2.7)
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Time series model

The simplest time series forecasting methods use only information about the predictor variables and do not
look for factors that affect the predictor variables. Therefore, these methods can infer the trend component
and the seasonal component. The exponential smoothing and ARIMA models are the most widely used time
series forecasting method. Due to ARIMAmodel is more widely used compared with the exponential smoothing
methods, this research decided to used ARIMA model to do the statistical forecasting.
Exponential smoothing methods
Exponential smoothing method is an important method for making time series forecasts and was first proposed
by [11], the main idea behind this method relies on that the weighted average of the past observations will be
larger if the past observations closer to the forecast point. One advantage of this method is that it is able to
generate predictions very quickly and is suitable for a wide range of time series data. The simple exponential
smoothing(SES) represents the simplest form of this method with no clear trend or seasonal patterns[3] and
can be expressed using the formula below, whereŷT+1|t represents the time series data and α represent the
smoothing factor, and 0 ≤ α ≤ 1. When α is close to 1, then assign more weight to the most recent observation.
When α is close to 0, then assign more weight to the observations in the past.

ŷT+1|T = αyT + α(1− α)yT−1 + α(1− α)2yT−2 + α(1− α)3yT−3 + · · · (2.8)

The same as the regression model, the method of minimising the sum of the squared errors(SSE) can also be
used to determine the value of α [16], if et is used to represent the residuals, then the SSE can be expressed in
the formula below:

SSE =

T∑
t=1

(
yt − ŷt|t−1

)2
=

T∑
t=1

e2t (2.9)

This method was further studied by Holt[17] to include trends and can be expressed below, where ℓt denotes
the estimation of the level of time series data at time t,bt denotes an estimate of the trend of the time series data
at time t, and β∗ denotes the smoothing parameter for the trend(0 ≤ β∗ ≤ 1).

ŷt+h|t = ℓt + hbt

ℓt = αyt + (1− α) (ℓt−1 + bt−1)

bt = β∗ (ℓt − ℓt−1) + (1− β∗) bt−1

(2.10)

However, empirical evidence indicates the trend tends to be over-forecast. To solve this problem, the damped
trend parameter ϕ which was between o and 1 was introduced by Gardner & McKenzie in 1985 and shows great
success[12].

ŷt+h|t = ℓt +
(
ϕ+ ϕ2 + · · ·+ ϕh

)
bt

ℓt = αyt + (1− α) (ℓt−1 + ϕbt−1)

bt = β∗ (ℓt − ℓt−1) + (1− β∗)ϕbt−1

(2.11)

This methods was further developed by Holt andWinters[39] to include seasonal patterns St. This approach has
two different seasonal components. The additive model is usually chosen when the seasonal variation remains
approximately constant in that time series, while the multiplicative model is usually chosen when the seasonal
variation varies proportionally with the level of the time series. The mathematical expression of the two model
can be shown below, where m is the frequency of the seasonality, α, β∗ and γ is the smoothing parameters.
The mathematical expression of the additive model is as below:

ŷt+h|t = ℓt + hbt + st−m+h+
m

ℓt = α (yt − st−m) + (1− α) (ℓt−1 + bt−1)

bt = β∗ (ℓt − ℓt−1) + (1− β∗) bt−1

st = γ (yt − ℓt−1 − bt−1) + (1− γ)st−m

(2.12)

The mathematical expression of the multiplicative model is as below:
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ŷt+h|t = (ℓt + hbt) st−m+h+
m

ℓt = α
yt

st−m
+ (1− α) (ℓt−1 + bt−1)

bt = β∗ (ℓt − ℓt−1) + (1− β∗) bt−1

st = γ
yt

(ℓt−1 + bt−1)
+ (1− γ)st−m

(2.13)

The classification of the exponential smoothing methods was first proposed by Pegels in 1069 and was further
studied and developed by several other scholars[31], Now, by considering different combinations of the trend
and seasonal components, nine exponential smoothing methods can be obtained, which can be found in the
figure 2.1 below. The same as the time series regression model, the information criteria like AIC and BIC can be
used for model selection too. The information criteria will be introduced in the later paragraphs.

Figure 2.1: A two-way classification of exponential smoothing methods[19]

ARIMA
ARIMAmodel (Autoregressive Integrated Moving Average model) is a widely used classical time series forecast-
ing method with high forecasting accuracy. After transforming a non-stationary time series into a stationary
time series by using the difference method, ARIMA model regresses the dependent variable on its lagged values
only and on the present and lagged values of the random error term to create a predictive model, and thus is
sufficent to describe a regular wide-sense stationary time series data[38]. When the seasonality exists in the time
series data, the SARMA model can be used or a seasonal-differencing should be applied before putting the data
into the ARIMA model[18]. ARIMA model which is usually used in short term forecast only find the patterns
from existing historical data and do not require strong structural data[19].Therefore, it is suitable for a wide
range of applications.
The non-seasonal ARIMA models is the combination of differencing(I), autoregression(AR) and moving aver-
age(MA), and is usually written as ARIMA(p,d,q).
The mathematical expression of the non-seasonal ARIMA model is as follows:

Yt = λ1Yt−1 + λ2Yt−2 + · · ·λpYt−p + εt + φ1εt−1 + φ2εt−2 + · · ·+ φqεt−q (2.14)

The AR(p) model is used when the forecast variable only related to past value of the forecast variable, and the
mathematical expression is as below:

Yt = λ1Yt−1 + λ2Yt−2 + · · ·+ λpYt−p + εt (2.15)

The MR(q) model only used past residuals in the model, the mathematical expression is as follows:

Yt = εt + φ1εt−1 + φ2εt−2 + · · ·φqεt−q (2.16)

The I(d) indicates the number of times doing the difference. From equation 2.1 to 2.3, yt is the predictor, p is the
order of AR model.λ is the coefficient of lagged values of predictor. φ is the coefficient of the lagged values of
residuals.εj is the white noise. q is the order of MR model. d is the degree of differencing involved.
By including another seasonal terms in the ARIMAmodel, the ARIMAmodel is capable of modelling the seasonal
data, which can be written as follows ARIMA (p, d, q)(P,D,Q)m and m is the number of observations per year,
and uppercase P, D, Q refer to the autoregressive, difference, and moving average for the seasonal patterns in
the SARIMA model.[27].
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2.2 Theory related to ARIMA model construction

This section will introduce the theory and methods related to the construction of ARIMA models.

Data stationary

Determining the whether the time series data is stationary is the first step in building ARIMAmodels. A station-
ary time series data is one whose properties do not depend on the time of the observation[19]. Before building
the ARIMAmodel, it is usually required that the time series data should be stationary. Below highlight 3 popular
methods to help determine whether the time series data is stationary or not.
Observation Method: If the observed values in the plotted time series fluctuate randomly above and below a
certain value, the time series data is considered to be stationary; on the contrary, the non-stationary series data
generally do not change around a certain level, but have different mean values at different time periods, such as
single increase, single decrease, showing the same trend of change at intervals, etc.
ACF test: The autocorrelation function(ACF) reflects the degree of correlation between the current observation
of the time series and its historical observations up to k lags [35] The mathematical expression is as following:

ACF (k) =
cov (yt, yt−k)√

var (yt)
√

var (yt−k)
(2.17)

k refers to the number of lags, cov refers to the covariance, and var refers to the variance. As the value of k
gradually increases, the value of its corresponding autocorrelation function may appear in two cases. One case
is that the ACF value decreases rapidly and the autocorrelation plot decays exponentially which indicates that
the series is stationary. The other case is that the ACF value decreases slowly and the autocorrelation plot decays
linearly, which indicates that the series is not stable and needs to be further differenced[40].
ACF test might cause a problem for determine the correlation between Yt and Yt−2 if Yt and Yt−1 are correlated,
because Yt and Yt − 2 are all related to Yt − 1. However, this problem can be overcome by using the partial
autocorrelations (PACF), because this meethod removed the effect of lags[19].
Autocorrelation (ACF) and partial autocorrelations (PACF) can help determine the order of p,d,q for ARIMA
model[21]. It also shows applicable when determine the p,q values for AR models and MA models, but do not
shows a good result in determine the p,q in ARMA model[19]. When selection the p,q order for ARMA model,
it is better to use the Information Criteria (eg. AIC,BIC)

Figure 2.2: Model selection between ARMA, AR, and MA by using ACF and PACF figures[21]

Unit root test: The unit root test is one of the most common statistical tests to determine whether a time series
is stationary or not. Two unit root tests will be described below.
Dickey-Fuller(DF)test: The Dickey-Fuller test was introduced by David Dickey and Wayne Fuller in 1979, the
null hypothesis and the alternative hypothesis can be expressed below[8]. The DF unit root test can only be
used to test the stationarity of the first-order autoregressive process, which can be expressed as AR(1). The null
hypothesis assumes that the unit root is without the unit cycle which means the time series is not stationary.

yt = ρyt−1 + εt

H0 : |ρ| ≥ 1 vs H1 : |ρ| < 1
(2.18)

Augmented Dickey-Fuller(ADF): The ADF test allows the higher-order autoregressive processes and was created
by modifying the DF test to include lags of the order p to make it suitable to be used by more widely time series
data, eg. AR(p). The test procedure for the ADF test is the same as the DF test, and the null hypothesis is that a
unit root is present in a time series sample. The ADF test can be expressed as below.[4]
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DFτ =
γ̂

SE(γ̂)

H0 : γ = 0vsH1 : γ < 0

(2.19)

If the series is found to be non-stationary after data stationary identification, and the series has a significant
tendency to fluctuate up and down then the data needs to be processed before putting into the ARIMA model.
The logarithmic transformation, smoothing, and difference operation are the three commonly used method of
stabilization[40].
Differencing: Differencing is a method of eliminating the correlation between pre and post data by subtracting
the series term by term according to the order of the time series[25]. If yt represent the time series data, the
first-order difference can be expressed as follow, where the εt represent the white noise and c is the average
of the changes in consecutive observations. If c is positive, then the average change of the time series data is
increasing, otherwise, the time series data is decreasing. If the c equals 0, then the time series data can be referred
to as a “random walk” model.

yt − yt−1 = c+ εt or yt = c+ yt−1 + εt (2.20)

Sometimes the differenced data is still not stationary, so it may be necessary to differ the data again to get a
stationary series. The expression of the second order difference is as follows. In practice, it is almost never need
to go beyond second-order differences[19].

y′′t = y′t − y′t−1

= (yt − yt−1)− (yt−1 − yt−2)

= yt − 2yt−1 + yt−2

(2.21)

Seasonal differencing is the differencing between one observation and the corresponding observation of the pre-
vious season and can be expressed below, wherem denotes the number of seasons in a year. Seasonal differencing
can be used to handle data with very severe seasonal or cyclical trends[22].

y′t = yt − yt−m (2.22)

Log transformation: Logarithmic transformation can usually be used in combination with differencing, where
logarithmic transformation is used to change the exponential trend into a linear trend and then differencing is
used to eliminate the linear trend. Logarithmic transformation can only be used with positive numbers.
Smoothing method: The smoothing method mainly includes the moving average method and the weighted
moving average method, where the estimates of the moving average method represents the average value over a
certain time period, while the estimated value of the weighted moving average method is calculated according to
the different weights. This method is often used in combination with differencing to eliminate periodic effects.

Information Criteria

The Akaike information criterion (AIC) and the Bayesian information criterion (BIC) are normally used to esti-
mate the error and quality of the statistical models[37]. The information criteria can be used to choose the order
of p and q for the ARIMA model. However, this method does not show a good result in helping chose the order
of d, because differencing changes the data for calculating the likelihood and the information criterion between
different models so that the value of the information criterion cannot be compared. [19]
(1)Akaike’s Information Criterion (AIC):
AIC is found by the Japanese statistician Hirotugu Akaike[1] and is very wildly used in the field for estimating
the quality of statistical models. Generally, some information will be lost due to the statistical model trying to
represent the generation of the data and the AIC is used to estimate the amount of lost information, and the less
the AIC is, the better the statistical models.
The AIC values can be represented as the following, where k is the number of estimated parameters in the model
and L̂ is the maximized value of the likelihood function.

AIC = 2k − 2 ln(L̂) (2.23)

The mathematical expression of AIC for ARIMA model is showen below[19]:
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AIC = −2 log(L) + 2(p+ q + k + 1) (2.24)

One of the biggest drawbacks of AIC is that the number of unknown parameters of the model cannot exceed
2. However, in a long time series forecast, which often contains multiple unknown parameters, thus, using the
AIC criterion will not be suitable for fitting long time series[40].
(2)Bayesian Information Criterion(BIC):
BIC was developed by Gideon E. Schwarz in 1978[13] and is closely related to the AIC. Both AIC and BIC are
tended to resolve a problem which is overfitting due to the model tens increasing the likelihood by adding more
parameters by developing a penalty term for the number of parameters in the model. In BIC the penalty term is
larger than in AIC, especially for a sample size larger than 7[37].
Using the same definition of parameters, the BIC is defined as follows:

BIC = k ln(n)− 2 ln(L̂) (2.25)

For ARIMA model, the BIC can be written as follows[19]:

BIC = AIC + [log(T )− 2](p+ q + k + 1) (2.26)

Time series decomposition

To better understand the time series data, it is useful to split a time series into several components[19]. Usually 3
types of time series patterns will be exist in the forecast: trend, seasonality and cycle.The trend does not require
a straight line, but rather a long-term direction of change that may show a long-term up or down, or a trend that
rises and then falls.Seasonality is a fixed frequency which can occur daily, monthly or yearly. A cycle occurs
when the the time series data does not fluctuate with a fixed frequency, which is always causes by the economic
conditions. The time series decomposition is to decompose the time series data into a trend-cycle component, a
seasonal component, and residuals that including everything else.
Generally, the time series decomposition can be divided into additive decomposition (Equation 2.27) and multi-
plicative decomposition (Equation 2.28). Additive decomposition is suitable when the magnitude of the seasonal
fluctuations does not vary with the level of the time series. Otherwise, multiplicative decomposition will be
more appropriate. In this research the multiplicative decomposition is used to decompose the data.

yt = St + Tt +Rt (2.27)

yt = St × Tt ×Rt (2.28)

In classical decomposition, the seasonal patterns are assumed to be constant for all the following years. Below
are the steps to use multiplicative decomposition[19]:
(1)The first step is to come out with the trend and cycle components. The moving average is used to calculate
the trend-cycle patterns. 2 × m − MA is used when the m is an odd number, otherwise, m-MA will be used.
The m is equal to 2k+1 and k is the number of time series data used in the averages.

T̂t =
1

m

k∑
j=−k

yt+j (2.29)

(2) The detrended series is come out by yt − T̂t. which will be used to calculate the seasonal component.
(3) The seasonal component is calculated by simply averaging the detrended value of the corresponding season.
(4) The residual is come out by dividing out the estimated seasonal and trend-cycle component: R̂t = yt/

(
T̂tŜt

)
Ljung-Box(LB) test

The LB test which was developed by Greta M. Ljung and George E. P. Box is widely used in time series analysis.
The main idea of this method is to check the autocorrelation of a set of data. If the test result is 0, then it indicates
that the set of data is not correlated at all[2].
The LB test is defined as:
H0: The data are independently distributed.
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H1: The data are not independently distributed and the autocorrelation exists.
The test statistic is defined as the following, where n is the sample size, k is the lag, ρ̂k is the autocorrelation,
and h is the number of lags being tested.

LB = n(n+ 2)

h∑
k=1

(
ρ2k

n− k

)
∼ χ2(h) (2.30)

The LB test is now commonly used in the ARIMA model to test whether autocorrelation exists in the residuals,
not the original series. And in the application of the ARIMA(p,0,q) model, the degree of freedom should be set
to h-p-q.[6]
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3 | Methodology

The methodology chapter elaborates on the methods found in the literature review and combines them together
to build a forecast structure. The forecast scenarios are first developed according to the analogy forecast. Then,
the prediction process of the ARIMA model is constructed according to the literature review, and the prediction
structure for the TS6 kiosk is concluded. Finally, the detailed experiments process mainly using the SARIMA
model according to the forecast structure is implemented to come out with the forecast result.

3.1 Forecast scenario

The goal of this research is to forecast the total sales of TS6 for the next 4 years. However, due to TS6 only being
introduced to the market in one year, the sales data is very limited. During the background data analysis which
can be found in section 1.2. It is obvious that the sales quantity of TS6 will be influenced by the sales quantity
of S5 and S7 because they are substitutes for each other, and the total sales quantity of all the kiosks seems to
be stationary and predictable. For this reason, this research tries to forecast the total sales quantity for all the
kiosks as well as the sales quantity of S5 and S7 in the next 4 years. Then the sales quantity of TS6 is calculated
by the formula below:

TS6 = Total kiosk − S7− S5 (3.1)

S5 is planned to be forecasted by its own historical sales data. Because the S5 is already being introduced to the
market for 5 years, the historical sales data is very sufficient and the S5 is expected to be phased out in 2024
during the discussion in the interview.
Due to S7 is a new product and do not have historical sales data, the qualitative forecast methods are the first
to be used to build the forecast scenario for S7. During the interview, information related to design innovation
was got. There is a big update from S2 to S3 which leads to the sales for S3 being quite good and the lifetime for
S3 is also longer compared with other generations. However, both S3 to S4 and S4 to S5 are only small updates.
Another big update comes from S5 to TS6, for this reason, the lifetime for TS6 is expected to be longer as well
as the sales quantity is expected to be higher compared with other generations. TS6 to S7 will be only a small
update. In conclusion, referring to the analogy forecast, the sales condition for S7 is expected to be very similar
to S4 and S5. For this reason, this research tries to forecast the sales quantity of S7 based on the historical sales
data for S4 and S5. The detailed method is shown below in figure 3.1.

Figure 3.1: Prediction for sales quantity of S7

It is expected that the S7 will not be introduced into the market in 2023, so only 3 years of sales data for the
S7 need to be forecasted. Firstly, the historical sales data for S4 and S5 will be taken out from the whole time
series. Then, they will be matched from the first data to the last data and added up to each other to create the
time series data for S7. Finally, referring to the scenario forecasting method, different forecast scenarios for the
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phase in time of S7 are created. All the scenarios are as follows: S7 phased Q1 2024, Q3 2024, Q1 2025, Q3 2025,
Q1 2026, and Q3 2026.

3.2 Construction of ARIMA prediction model

Figure 3.2: ARIMA model building

After getting all the time series data for S5, S7 and total kiosks, the first thing to do is to use the time series
decomposition to check whether there is seasonality exists in the time series. If yes, the SARIMA model will
be used instead of ARIMA in the statistical forecasting part. Secondly, the Observation, ACF test, PACF test as
well as ADF test will be conducted to check whether the time series data is stationary. If the time series data
is not stationary, the differencing will be chosen to do a data transfer. Then, repeat the stationary check until
the time series data be stationary. If the time series data is stationary, then put them into the ARIMA model or
SARIMAmodel and use BIC information criteria to help find the order of the parameters. The next step is to run
the model and use the Ljung-Box test to test whether this model is statistically significant, if not, the next step
is to find out a way to do the parameter correction. Sometimes, the outcome will still be accepted although the
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model fails in the Ljung-Box test. Finally, the result of the model will be exported and kept in excel. The detailed
steps for using the ARIMA/SARIMA model can be found in figure 3.2

3.3 Research structure

In a conclusion, this research tries to combine the quantitative forecast methods which are the ARIMA/SARIMA
model with qualitative methods which are the analogy forecast, scenario forecasting and judgmental adjust-
ments. The research structure of this project can be found in figure 3.3. In order to get the time series data of S7,
the analogy forecast method and scenario will be used. After getting all the 3 time series data for S5, total kiosk
and S7, they will be put into the ARIMA or SARIMA model for making a statistical forecast. All the outcomes
of the model will be discussed with the expert of SITA to do the judgemental adjustment. In order to avoid bias,
only big changes are allowed to be made and the adjustment will be kept for further check. The sales quantity
of TS6 will be calculated by the total sales quantity minus the sales quantity of S5 and S7. After getting the sales
quantity of TS6 in the 6 different scenarios, the outcome will be discussed and only 2 scenarios will be chosen
for making plans for future applications.

Figure 3.3: Research structure
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3.4 Experiment

This section going to elaborate on the detailed steps to do the statistical forecast for the sales number of S5, S7,
and total kiosks using the methods discussed before. Firstly, the time series decomposition with the multiplica-
tive model is used to determine where the ARIMA or SARIMA model should be used for further experiments.
Secondly, the stationary of the time series is determined before putting it into the forecast model by using the
observation, differencing, and ADF tests. Thirdly, the SARIMA/ARIMA model is constructed and the Ljung-Box
test is used to test the validity of the model. Finally, the in-sample and out-sample test results came out.

3.4.1 Prediction for the total sales quantity

Time series decomposition

According to the theory discussed in section 2.2, the time series decomposition is used first to find out whether
there is seasonality, trend or cycle exists in the time series. After using the multiplicative model, the outcome
can be found below in figure 3.4 which is a combination of 4 plots. The first plot shows the total quantity varies
with time. The second plot shows the trend or cycle in the time series, in which the number of sales has a slight
increasing trend in the last 10 years. The third plot shows seasonality, which means there are certain patterns
repeated occurrence in the past and the SARIMA model instead of the ARIMA model should be chosen in the
forecast. If there is no seasonality exist in the time series, this plot will show only the strength line. The last
figure shows the distribution of the residual.

Figure 3.4: Time series decomposition with multiplicative model-Total Kiosk

Stationarity

As introduced in section 2.2, the observation method and ADF test are used in the research to determine whether
the time series is stationary. If the time series is not stationary, the differencing will be applied to the time series.
Two principles are used here for the differencing: (1) Higher-order differencing will not be used when the time
series can be made stationary by using lower-order differencing. (2) In order to protect the integrity of the data,
more than second-order differencing will not be applied to the time series.
Observation and differencing
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According to figure 3.5, which is a combination of 3 plots. The first plot shows the number of sales for total
kiosks varied with time in the past years. The second and third plot shows the time series data after applying the
first-order differencing and second-order differencing. All three plots do not show a clear upward or downward
trend, but fluctuate roughly up and down around a fixed value, for this reason, all three-time series can be
assumed to be stationary through observation.

Figure 3.5: Stationary test-Total kiosk

ADF test
After using the observation method, the second method is to use the ADF test which is more accurate. The test
result of the original sales of the total kiosk and the original sales after applying the first order differencing can
be found below in figure 3.5 and 3.6. The first four numbers are the Test statistic which is the hypothesis test
value, p-value which is the result of the hypothesis test, used lag which is the lag in the time series data, used
numbers which is the number of observations used in the ADF regression and in the calculation of the critical
values.
In the result of the ADF test for the original sales number for the total kiosk, the t-value which equals -3.54 is
smaller than -3.47, -2.88 and -2.58,and the P value of 0.006 is less than the significance level of 0.05. This means
that unit root test results reject the original hypothesis that the series is non-stationary, and the time series data
for the original total kiosk is 99% accept to be stationary.

Figure 3.6: ADF test result-Total orginal kiosk

In the result of the ADF test for the original sales number for the total kiosk after applying the first order
differencing, the t-value which equals -7.55 is smaller than -3.47, -2.88 and -2.58, nd the P value of 0.000... is less
than the significance level of 0.05. This means that unit root test results reject the original hypothesis that the
series is non-stationary, and the time series data for the original total kiosk after first order dfferencing is also
99% accept to be stationary.
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Figure 3.7: ADF test result-Total kiosk for one level differencing

Combining the observation method with the unit root test we are able to conclude that both the original data
and the first order difference data are stationary and can be used in the SARIMA model

SARIMA construction

Because the original sales data for the total kiosk is already stationary, it is used first in the SARIMA model. If
the outcome of the SARIMA model using the original data is not good enough, then the first-order differencing
time series data will be chosen.
Python has the model auto-order function auto.arima, and this research uses the auto command that comes with
Python to calculate AR (autoregressive term in the model) with 0-5 order lags and MA (moving average term in
the model) with 0-5 order lags. As discussed in section 2.2, the BIC is chosen to be used to find the best parameter
of the model. With the auto. arima, all the combined BIC information of the SARIMA model and the optimal
parameters of the model are given, and the auto.arima will stop the calculation if it finds the best parameter, as
shown in figure 3.8. From the figure, it can be seen that the model with the minimum BIC information is ARIMA
(1,0,1)(0,0,0)[12].

Figure 3.8: BIC for total kiosk

The outcome of the model can be found in figure 3.9, After determining the parameter composition of the
SARIMAmodel, in order to evaluate the actual fitting effect of the proposed model, the effectiveness of the model
needs to be tested. As discussed in section 2.2, the Ljung-Box test is chosen to test whether the residuals of the
model are white noise sequences. As shown in the figure 3.9, the Ljung-Box test for the SARIMA(1,0,1)(0,0,0)[12]
model resulted in a p-value of 0.83 much greater than the significance level of 0.05, and the results of the test ac-
cepted the original hypothesis, proving that the residual series is white noise and the established SARIMA(1,0,1)(0,0,0)[12]
model is significantly valid.
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Figure 3.9: Outcome of SARIMA(1,0,1)(0,0,0)[12]

Figure 3.10shows the comparison between the predicted data and the original data using the SARIMA(1,0,1)(0,0,0)[12].
However, although this model is statistically significant, this figure shows that the model is not good at predict-
ing the peak of the number of sales. For this reason, the model building based on the first-level differencing is
also considered in this research, and the outcome from these two models will be compared to find the best model
for predicting the sales of the total kiosk.

Figure 3.10: Prediction comparison for original total sales quantity

By using the auto.arima with the same steps to build the SARIMA model for the first-level differencing of the
original time series data, the best model with the minimum BIC is SARIMA(0,1,1)(0,1,1)[12]. The forecast out-
come can be found in figure 3.11. The Ljung-Box test for the SARIMA(0,1,1)(0,1,1)[12] model resulted in a p-value
of 0.82 which is much greater than the significance level of 0.05, so the results of the test accepted the original
hypothesis, proving that the residual series is white noise and the developed SARIMA(0,1,1)(0,1,1)[12] model is
significantly valid.
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Figure 3.11: Outcome of SARIMA(0,1,1)(0,1,1)[12]

Figure 3.12shows the comparison between the predicted data and the original data using the SARIMA(0,1,1)(0,1,1)[12].
Compared with figure 3.10, the prediction made by SARIMA(0,1,1)(0,1,1)[12] model shows a better result, for this
reason, the SARIMA(0,1,1)(0,1,1)[12] model is chosen to do a further prediction. The prediction for the further
can be found in the figure 3.13

Figure 3.12: Prediction comparison for total sales quantity applying first-order differencing
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Figure 3.13: Prediction for future sales of total kiosk

3.4.2 Prediction for the sales quantity of S5

The same as the first step for the prediction of the number of sales for the total kiosk, the time series decompo-
sition with multiplicative model is also used for time series data of S5 to find out whether there is seasonality or
trend that exists in the time series. According to the second and third plots of figure 3.14, the number of sales
of S5 has an increasing trend until Oct 2019, and a subsequent number of sales trended downward. Seasonality
also exists in the time series data of S5, so the SARIMA model should also be used for prediction.

Figure 3.14: Time series decomposition with multiplicative model-S5

In order to determine whether the time series data of S5 is stationary or not, the first method used is observation.
By observing the plot which can be found in figure 3.15 for the original sales quantity of S5 and the original sales
quantity after the first and second differencing varies with time, it is obvious that all the 3 figures, especially the
last two figures fluctuate up and down around ‘0” which means all the 3-time series data seems to be stationary
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through observation.

Figure 3.15: Stationary test-S5

The ADF test is also used for the time series of S5 and the result can be found in figure 3.15. In the result of
the ADF test for the original sales number for the S5, the t-value which equals -3.58 is smaller than -2.99, -2.63
but larger than -3.737 and the P-value of 0.006 is less than the significance level of 0.05. This means that ADF
test results reject the original hypothesis that the series is non-stationary, and the time series data for S5 is 95%
accepted to be stationary.

Figure 3.16: ADF test result-S5

The same as the forecast for the number of sales for the total kiosk, the SARIMA model for d equals 0 and 1 are
both built for comparison. The information criteria AIC is used here as the data of the time series for S5 is much
less than the data for the time series of the total kiosk, and AIC is more suitable to be applied in this situation
because the model will not be too complicated. Because S5 is discussed to phase out the market in 2024, it is
expected will have a decreasing trend in the number of sales, for this reason, only the data after Oct-2019 are
considered to be used as they show a decreasing trend. After comparing using the first data from Oct-2019 to
Feb-2022, the outcome of using Feb-2022 as the first data is more reasonable, so the SARIMAmodel is considered
to use Feb-2022 as the start. After the comparison the outcome of SARIMAmodel (p,0,q) and (p,d,q), the SARIMA
model(0,1,1)(0,1,0)[12] have a better result and is chosen for further prediction. The outcome can be found in
figure 3.17. The Ljung-Box test for the SARIMA(0,1,1)(0,1,0)[12] model resulted in a p-value of 0.90 which is
much greater than the significance level of 0.05, and the results of the test accepted that the residual series is
white noise and the established SARIMA(1,0,1)(0,0,0)[12] model is statistically significant.
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Figure 3.17: Outcome of SARIMA(0,1,1)(0,1,0)[12]

The in-sample prediction comparison and out-sample prediction can be found in figure 3.18. The out-sample
prediction shows the future sales of S5 will show a fluctuating downward trend and drop to 0 points for the first
time at the end of 2021 and for the second time at the beginning of 2023.

Figure 3.18: Prediction for S5 quantity applying first-order differencing
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3.4.3 Prediction for the sales quantity of S7

The first step to forecast the sales quantity of S7 is to build the historical data as S7 is a new product and has
not been introduced to the market. By using the method discussed in section 3.1, the historical sales data of S7
is developed based on the historical sales data of S4 and S5 and can be found in figure 3.19.

Figure 3.19: Building the historical data for S7

The same as the steps before, the time series decomposition with the multiplicative model is also used for the
time series data of S7. The result is shown in figure 3.20, which means there are both trend and seasonality exist
in the time series, so the SARIMA model should be used instead of ARIMA for making predictions.

Figure 3.20: Time series decomposition with multiplicative model-S7

After that, both the observationmethod and theADF test are used to find outwhether the time series is stationary
or not. The figure shows the original sales quantity of S7 and the original sales quantity after the first and second
differencing varieswith time can be found in figure 3.21. From this figure, it is clear that the original sales quantity
after differencing almost fluctuated up and down around “0”, which means the time series data after differencing
looks stationary.
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Figure 3.21: Stationary test-S7

The result of the ADF test can also be found in the figure 3.22. In the results of the ADF test for the original
sales number of theS7, the t-value which equals -2.66 is larger than -3.59, -2.93 but a litter bit smaller than -2.60
and the P-value of 0.08 is larger than the significance level of 0.05. This means that ADF test results accept the
original hypothesis that the series is non-stationary. The results of the ADF test for the original sales number of
the S7 after the first-level differencing show that, the t-value which equals -10.24 is smaller than -3.59, -2.93 and
-2.60 and the P-value of 0.000. . . is smaller than the significance level of 0.05. This means that ADF test results
reject the original hypothesis that the series is non-stationary, and the time series data for S5 is 99% accepted to
be stationary.

Figure 3.22: ADF test result-S7

The SARIMA(p,1,q)(P,1,Q)[12] model is built based on the minimum of BIC, and the result can be found in the
figure 3.23. The Ljung-Box test for the SARIMA(1,1,0)(0,1,1)[12] model resulted in a p-value of 0.92 which is
much greater than the significance level of 0.05, and the results of the test accepted that the residual series is
white noise and the established SARIMA(1,1,0)(0,1,1)[12] model is statistically significant.
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Figure 3.23: Outcome of SARIMA(1,1,0)(0,1,1)[12]

Both the in-sample prediction comparison and out-sample prediction can be found in figure 3.24. The out sample
prediction shows that the sales of S7 in the future will have a fluctuating upward trend.

Figure 3.24: Prediction for S7 quantity applying first-order differencing
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4 | Research Result

After the forecast result from the experiment is available, in order to make the forecast result become more
accuracy, some adjustments need to be made before putting the result into the application. The process of
making adjustments together with the final outcome after the adjustment is elaborated on in this chapter. And
then the outcome after adjustment is put into applications. By doing the demand forecasting, it is possible to
shorten the procurement lead time by 4 weeks and save about 1%-5% total cost.

4.1 Residual analysis

4.1.1 Residual correction

Although all the SARIMA models have passed the Ljung-Box test, as shown in figure 3.12, 3.18 and 3.24, all the
prediction data shows a little bit of lag compared with the original data. In order to make the forecast outcome
more accurate, the lags in the result of all the time series outcomes of sales quantity for total kiosk, S5 and
S7 should be correct before getting the final result. In this project, the MAE(Mean Absolute Error), which was
commonly used to evaluate model errors in time series prediction[20], is chosen to test the residuals.

MAE =
1

n

n∑
t=1

|(y′t − yt)| (4.1)

Equation 5.1 aims to calculate the sum of the average difference between the prediction series and the forecast
series and compare the outcome by changing the lags of the prediction series to -1, -2, and -3. And the result of
this test for all time series data of total kiosk, S5, and S7 can be found in figure 4.1. The result shows that for all
the time series data(Total kiosk, S5 and S7), the prediction result with lag -1 has the lowest residual, so it is best
to adjust the prediction series with lag -1. For total kiosks, S5 and S7, the monthly difference is around 17 pc,
8pc, and 9 pc respectively. Besides this, the residuals for time series data of S5 is slightly lower than that of S7
and total kiosk and the sample size for making predictions for S5, S7 and total kiosk are 29, 47 and 158, which
may indicate simpler models tend to produce more accurate predictions.

Figure 4.1: Residual adjustment/unit

4.1.2 Residual comparison formonthly, quarterly and yearly data before prediction

Because the sample size for the total kiosk is 158, in order to get the quarterly and yearly data, the earliest
two data in the sample set were removed by considering the data which is closer to the present will be more
important. According to the principle of adding up every three data and every 12 data in sequence, the resulting
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monthly data consisted of 52 sample data and the annual data consisted of 13 sample data. Figure 4.2 shows
the test outcome using equation 5.1 for the original monthly, quarterly and yearly data. Due to yearly data
having too less samples, the model prediction for year residual lag-1 seems to be wired and has less too much
information. However, the residual outcome for monthly data plus 3 is larger than the quarterly residual and
the quarterly residual plus 4 is larger than the yearly residual indicates for one prediction model, the prediction
accuracy tends to increase when forecast granularity decrease.

Figure 4.2: Residual for monthly, quarterly, and yearly time series data of total kiosk/unit

The same as making quarterly and yearly time series data for the total kiosk, by removing the first 2 data in S5
and keeping all the sample data for S7, the quarterly and yearly data for S5 and S7 are obtained, and the sample
size is 9 and 2.25 for quarterly and yearly data of S5 and 19 and 4.75 for quarterly and yearly data of S7. The test
result is shown in figure 4.3. Because the yearly sample size is too small, and already less than the parameters
in the SARIMA model, so SARIMA model automatically stops to do the prediction and can’t get the forecast
residuals. The same as the test result of time series data for the total kiosk, the residuals for the monthly data
plus 3 are larger than that for quarterly data. However, in the test outcome of S7, the monthly residual lag-1
plus 3 is smaller than that of the quarterly residual but larger than that of the yearly residuals. By doing this
analysis, the conclusion can already be got that using yearly data to do the prediction tends to be more accurate
compared with monthly and quarterly data if the sample size is large enough.

Figure 4.3: Residual for monthly, quarterly, and yearly time series data of S5 and S7/unit

4.1.3 Residual comparison for monthly, quarterly and yearly data after prediction

By using the monthly predicted time series data of total kiosk, S5 and S7 as the base to create the quarterly and
yearly time series, the residual test result using equation 5.1 after prediction is obtained and shown in figure 4.4.
The same has the conclusion got in section 4.1.2, in most case, the forecast accuracy tends to increase when the
forecast granularity decrease. However, the yearly residual comparison is also not accurate enough due to the
small sample data. All the residual test outcome shows the same conclusion as section 4.1.1 too, the prediction
data with lag-1 has the best forecast result. By comparing the figure 4.4 with 4.3 and 4.2, the residual test result
for total kiosk, S5 and S7 at monthly, quarterly and yearly granularity after prediction is better in most cases,
which means using the monthly prediction to make the quarterly and yearly data will be more accurate.
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Figure 4.4: Residual for monthly, quarterly, and yearly time series data after prediction/unit

4.2 Forecast outcome

As mentioned in section 4.1.1, the forecast time series data need to be moved back one month in order to make
the forecast result to be more accurate. By using the predicted total sales quantity for all the kiosks minus the
predicted sales quantity of S5 and the predicted sales quantity of S7, the forecast result for the sales quantity of
TS6 is obtained and below are the monthly, quarterly and yearly forecast outcomes before doing judgemental
adjustments for the year 2022 to the year 2026 for all 6 assumptions. Each assumption is calculated separately,
and as discussed in section 4.1.3, the yearly forecast outcome has the highest accuracy which is shown in figure
4.7
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Figure 4.5: The original monthly forecast result/unit
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Figure 4.6: The original quarterly forecast before adjustment/unit
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Figure 4.7: The original yearly forecast before adjustment/unit

4.3 Judgemental adjustment

As discussed in the section 2.1.1, the original forecast result will be sent to the expert in SITA to do the judge-
mental adjustment. 3 proposals to do the adjustment have been proposed in the interview. 2 of them are accepted
as important missing information in the model, and 1 is rejected due to not being consistent with past historical
data.
Market condition is expected to be better
Due to the fact that some orders for 2023 have already been received at the end of the year 2022, the market
condition is expected to be very good in the year 2023 and the following years and has a growth rate of 15%
compared with 2022. This growth rate is expected to decline smoothly in the coming years, with a growth rate
of 10% in 2024 and 5% in 2025. Due to the fact that the demand information about the surge in market demand
is not included in the forecasting model, the model predicts a lower growth rate than the experts’ forecasts, as
well as taking into account the fact that statistical models are better able to grasp the patterns in the data. The
growth rates for 2023, 2024 and 2025 are therefore adjusted to the expert’s estimated growth rates but retain the
monthly fluctuations predicted by the SARIMA model. The specific model growth rate calculation results and
formulas are shown below.

Model Adjusted Growth Rate =
Model Prediction y1 ∗ Growth Rate y1

Model Prediction y2
(4.2)
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• 2022-2023 increase 15%–> Growth rate in the model be 1.169

• 2023-2024 increase 10%–>Growth rate in the model be 1.06

• 2024-2025 increase 15%–>Growth rate in the model be 1.01

Missing market growth for S7 from 2018 to the year when phase in the market
The forecast result for S7 seems to be too small due to the total market demand for the kiosk is continuously
increasing. However, the time series data of S4 which was used to make predictions for the sales quantity of
S7 ended in 2018, but the prediction for S7 starts after 2024, which shows a lack of market growth from 2018
to 2024. Expert’s opinion is to expect the sales of the S7 will reach 1000 pcs in the first year after phasing into
the market, however, refer to figure 1.7, no generation of the kiosk has the experience to sales 1000 pcs in the
first year. For this reason, this adjustment is not accepted in this research. However, the forecast result for S7 is
indeed too low due to this reason, so the growth rate for the total kiosk from 2018 to the year when S7 is phased
in is used to correct the missing market growth. The formula to calculate the growth rate is shown below, and
the growth rate of S7 for 2024, 2025 and 2026 is 1.34,1.32 and 1.36 respectively. The application for the growth
rate of S7 is not the same as that of the total kiosk. The Growth rate of the total kiosks for 2023,2024 and 2025
is applied to each year respectively, but the growth rate of S7 for 2024 is only applied to assumptions 1 and 2,
the growth rate of S7 for 2025 is only applied to assumptions 3 and 4, and the growth rate of S7 for 2026 is only
applied to assumptions 5 and 6.

Growth Rate of S7 in yn =
Sum of Total Kiosk in yn
Sum of Total Kiosk in 2018

(4.3)

4.4 Final forecast outcome

In the conclusion, 3 adjustments are applied to the original forecast series in order to get the final outcome for
all the assumptions.

• In order to solve the fact that the prediction time series sequence is always behind the original time series
sequence, all the 3 time series sequences agreed to move back to lag -1 to increase the forecast accuracy.

• In order to solve the fact that the market condition for years 2023 to 2025, especially 2023 will be much
better than the forecast condition, the annual growth rate for 2023, 2024 and 2025 are taken into the
calculation to make adjustments for the final forecast outcome.

• In order to solve the fact that the market growth from 2018 to the year when S7 is introduced to the
market is missing, the special market growth rate for each assumption is calculated and applied in the
final adjustment.

The final forecast outcome in the monthly, quarterly and yearly levels for the total kiosk, S5 and S7 is shown in
the figures below. By referring to the historical sales data of S3, which is in similar condition as TS6, both of them
have a big change in the technique compared with the generation before. The S3 is introduced to the market in
the year 2009 and reached the highest sales point in the year 2013 which is the fifth year after phasing in, and the
S4 is introduced in themarket in 2015 which is the seventh year after S3 appears in themarket. As the technology
iteration is getting faster and faster, the time interval for releasing new products afterwards is expected to be
shorter and shorter. TS6 is introduced into the market in 2020 and assumes to reach the highest sales point in
2024 to 2025, the introduction of S7 is expected to be between 2025 to 2026, for this reason, assumptions 4 and
5 for the phase in data of S7 are more realistic compared with others.

40



Figure 4.8: The monthly final forecast result /unit
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Figure 4.9: The final quarterly forecast result/unit
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Figure 4.10: The final yearly forecast result/unit

4.5 Future Application

As mentioned in section 1.1, the main aim of this project is to forecast the sales quantity for TS6 in the next 4
years so as to find a way to shorten the product lead time to meet the customer’s satisfaction as well as try to
get the price discount from the suppliers. The following going aims to elaborate on these two applications with
the forecast result obtained in the section 4.4.

4.5.1 Shorten the product lead time

The visualization of product production plan

As discussed in the section1.1, normally the customers want to receive the products within 12weeks after placing
the order. However, as shown in figure 1.2, the overall time from procurement to final delivery needs about 10
to 16 weeks, and the procurement time takes up the most time which is about 6-8 weeks. In order to shorten
the overall lead time to meet the customer’s expectations, with the forecasting result, the procurement process
can be started 6- 8 weeks in advance, so that the overall lead time can be shortened to 4-8 weeks. However,
considering the inventory holding cost, the inventory holding time should also be kept as short as possible. For
this reason, the best plan is to start the procurement process 4 weeks in advance. If considering the production
and assembling process, the customs and shipment process, and the final delivery process will take 8 weeks in
total, the monthly, quarterly, and yearly product production plan for TS6 and S7 is visualized and can be found
in the figures below.

Figure 4.11: The product production plan yearly/unit
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Figure 4.12: The product production plan quarterly/unit
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Figure 4.13: The product production plan monthly/unit

Procurement plan

According to the figure1.2, if it is assumed that the time of each process is calculated according to the maximum
time, the new timeline is shown in the figure 4.14.

Figure 4.14: The overall timeline
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Raw material purchases need to be made 8 weeks prior to production. Together with the plan to increase the
purchased quantity to 1000 pcs which is discussed in section 4.5.2. The purchase plan start from 2023 for TS6
and S7 for assumption 4 and 5 can be found below.

Figure 4.15: The overall procurement plan/unit

It is worth noting that the procurement values in the figure with yellow criteria are larger than the forecasted
values, as the demand in 2027 is outside the forecasted interval. In assumption 4, 599 more pcs of raw materials
are ordered, and 245 more pcs of raw materials in assumption 5. However, it is expected these over-ordered raw
materials will be completely consumed in the future.

4.5.2 Obtained the purchasing discounts to save total cost
As discussed in section 1.1, SITA can get 10% more discount if they change their procurement plan from 100 pcs
to 1000 pcs. Since the relationship between price discount and purchase volume is not linear, as shown in figure
1.3, the increase in the price discount obtained decreases significantly when the purchase volume exceeds 1000
pcs. According to the interview, the material stands for 50% to 60% of the total cost of the TS6 kiosk, and the
annual inventory cost stands for 2% to 5% of the total cost. In addition to this, the raw materials have a very
long shelf life, much longer than four weeks. According to the figure 4.15, the maximum time of raw materials
in storage is 18 months, and the average time is 9 months. The following formula calculates the cost savings of
increasing the purchase plan from 100 pcs to 1000 pcs. If SITA successfully gets the 20% discount on buying the
raw materials, it will save 1.25.6% to 4.5% on the original price.

Lower Bond: Price ∗ 50% ∗ 10%− Price ∗ 5% ∗ 9

12
≈ 1.25% Price (4.4)

Upper Bond: Price ∗ 60% ∗ 10%− Price ∗ 2% ∗ 9

12
≈ 4.5% Price (4.5)
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5 | Conclusion

Since 2010, kiosk’s market has maintained a steady slow growth. With the increasing number of competitors in
the market, it is necessary to continuously improve customer satisfaction and reduce costs in order to maintain
or even increase SITA’s market share and enable the company to continue to grow and develop. According to
the research, the customers wanted to receive the products earlier, but the traditional make-to-order method of
SITA did not meet the customers’ expectations, so SITA wanted to use the make to stock method of production
through demand forecasting. In addition, the supplier offered an additional 10% price discount if SITA could
increase the number of units ordered from 100 to 1000. By forecasting demand in advance, SITA was able to
determine whether it will be benefit to receive the additional price discount from the supplier.
Demand forecasting is necessary to improve customer satisfaction and to obtain price discounts. In this paper, a
comprehensive forecasting method combining qualitative and quantitative forecasts is developed based on the
iterative of different generation of product from a time series perspective. The main results achieved as well
as the answers for the research questions are as the following. Through the answers to the five subquestions,
the main research question which is how can SITA forecast Kiosk demand based on historical sales data can be
answered.
(1)How to build the forecast scenarios by considering the existing external factors?By analyzing the historical
sales data, the important factors affecting the sales of the target product TS6 kiosk were identified, i.e. the phase
in time of the new product and the phase out time of the old product, and six forecast scenarios were created
using the scenario forecasting method, considering all possibilities.
(2)Which qualitative and quantitative forecast method is suitable to do the forecast with the available data?
Through the analysis of historical data, interviews of product characteristics, and literature reviews, both suit-
able qualitative and quantitative forecasting methods were found to be used for demand forecasting. The qual-
itative forecasting methods are: The analogy forecast, Scenario forecasting, and Judgemental adjustment. The
quantitative forecasting method chosen to be used is the ARIMA model. All the methods are combined in the
project to get the final forecast results.
(3)How to combine qualitative and quantitative forecast methods for data processing and sales forecasting?
Based on the literature review and historical sales analysis, this project uses scenario forecast to create different
forecasting scenarios. By using analogy forecast, the historical sales data of S4 and S5 are used to forecast the
sales of S7. Based on the historical sales analysis, the total kiosk sales were chosen to be forecast and the forecast
of the sales of TS6 is done by subtracting the sales of S5 and S7 from the sales of total kiosk. The ARIMA model
was chosen to use to forecast the time series data, firstly, to understand the trend and seasonality of the historical
sales data in more detail, the time series decomposition was used to decompose the time series. Based on the
seasonality of the time series, the SARIMA model was selected for the subsequent forecasting. The differencing
and ADF tests are used to determine whether the time series is stationary or not. The BIC information criteria is
used to perform the order selection of the SARIMA model. The forecasting results of the SARIMA model were
discussed with experts and the data were modified by referring to the judgmental adjustment method. Finally,
the prediction results were obtained.
(4)How to consider and validate the forecast model and forecast numbers? To verify the accuracy of the predic-
tion. First, for the SARIMA model, the Ljung-Box test is applied to test whether the residuals are white noise
series. The final test result is that all model residuals are white noise series and SARIMA model is valid. Second,
by observing the graphs and performing residual analysis using MAE, it was found that the prediction results
lagged one period compared with the original data, and the annual prediction results were more accurate than
themonthly and quarterly prediction results, which were in line with the experience. Among them, the quarterly
and annual data obtained after using monthly data for forecasting are more accurate than the forecast results
obtained from forecasting with original monthly and annual data.
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(5) How to use the forecast outcome in the future and what’s the benefit? The forecast results of this research
can be used to improve customer satisfaction by reducing lead times and total cost savings by obtaining price
discounts. The study provides a visualization of monthly, quarterly and annual production plan and a chart
of the procurement plan in 1000 units. It was calculated that obtaining an additional 10% price discount from
suppliers could reduce the price of TS6 products about 1.25% to 4.5%.
Due to the limited information available, this project has some limitations to be developed and added in the
future.
(1)Abnormal values in the original data. In this research, only the very obvious abnormal values were processed
when performing data cleaning before prediction. However, there are some data with abnormal values that
cannot be traced due to the long time, so they just be kept in the forecast sample data. Suitable hypotheses for
these abnormal values can be explored later to handle the abnormal values more rationally.
(2)Treatment of residuals. In order to reduce the prediction error, the ARIMA model can be combined with
machine learning, neural network prediction and other methods to increase the accuracy of prediction, and
develop the combined ARIMA-neural network algorithm.
(3)In this project, due to consider the influence of environmental factors on the prediction results will be small and
the difficulty of to measure of explanatory variables, the time series statistical model was chosen for the study,
but using a time series model may ignore the influence of political, economic, social and environmental factors
on the prediction results. Therefore, subsequent studies can add explanatory variables to the ARIMA model and
change the time data series into panel data to develop a dynamic forecast model, making the prediction become
more comprehensive.
(4)To make the forecasting process easier, the forecasting model can be integrated with the company’s order
management system, making it possible for the forecasting model to automatically update forecasts based on
monthly orders, as well as do the data validation and corrections.
This study has both scientific and practical contributions.
Scientific contribution: Demand forecasting is widely used in the FMCG industry, and for companies like
SITA, due to the low demand for their products and high production costs. Usually, the production method is
based on order-based production. This research explores the possibility of demand forecasting for the slow-
moving consuming industry based on real historical sales data of SITA kiosks by using the forecasting method
widely used in the FMCG industry.
Practical contribution: In this research, the forecasting scenario which is suitable for TS6 is developed by ana-
lyzing the historical sales data of the TS6 Kiosk, and selecting suitable qualitative forecasting methods which are
the analogy forecast, Scenario forecasting, and Judgemental adjustment and quantitative forecasting methods:
SARIMA/ ARIMA model through the method of literature review. The TS6 kiosk’s sales volume up to 2026 was
successfully calculated using a combination of qualitative and quantitative forecasting methods by first filtering,
reviewing, and differencing the historical sales data before putting it into the statistical models.
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Abstract—SITA is the world’s leading specialist in air transport
communications and information technology which works with
around 400 air transport members and has 2800 customers in
190 countries. TS6 kiosk is the newest generation of its kiosk
family and is facing a complicated situation now. Usually, the
production of a kiosk is using make-to-order methods. However,
if this method is adopted, the customers of SITA can not receive
their productions within the expected periods of time. Besides
this, SITA also can not get the procurement discount from the
suppliers if they only purchase a low volume and do not make
changes. In order to solve this problem, demand forecasting
is conducted using the historical sales data of the TS6 kiosk.
Through the literature review, suitable qualitative forecasting
methods and quantitative forecasting methods which were mainly
used in the FMCG industry are got together and combined to
increase the forecast accuracy in this research to come out with
the final forecast result of the TS6 kiosk. This research also
explores the possibility of demand forecasting for the slow-moving
consuming industry. By successfully conducting the final forecast,
the result can help SITA to shorten procurement lead time so as
to meet customers’ expectations as well as save total costs.

Index Terms—Demand Forecasting, Quantitative Forecasting
Methods, Qualitative Forecasting Methods, ARIMA, SARIMA,
Residual Analysis.

I. INTRODUCTION

SITA is a world-leading company mainly providing service
and IT support for airline operators and more than 400 airports.
The main customers include airports, airlines, ground handlers,
and airport groups. The Tailored Series 6 (TS6) kiosk which
SITA produces is now made in the Burlington factory in
Canada and all kiosks are made to order(MTO). However,
SITA now wants to introduce the made-to-stock(MTs) method-
ology to its production. The first reason for this change in
strategy is that improved manufacturing efficiency will have
a chance to increase customer satisfaction, thus potentially
increasing market share. Because normally the customers want
to receive the kiosk in 3 months after placing the order,
the lead time actually is 10-16 weeks in procurement and
assembly normally takes 6-8 weeks. Since it is very difficult
to shorten the production, customs, and shipping times, the
best way to satisfy customers is to find ways to shorten the
procurement time. The second reason is that if a large number
of raw materials (1000 unit) can be bought at once, SITA will
receive a 10% more price discount from the suppliers. Sales
forecasting can help determine the number of orders to be
placed and thus avoid excessive over-ordered or under-ordered
at the suppliers and also help to reduce the lead time for the

Fig. 1: Total sales for the check-in kiosk

procurement so as to meet the customer’s expectations. Due to
these two reasons, SITA wants to change its policy to MTS by
performing yearly forecasting in advance for the next 4 years.

Generally, the kiosk is designed with different versions
for different application scenarios. However, only the normal
kiosk which is especially used for check-in has the highest
sales, and the kiosk for different versions share more than
90% raw materials. In the S3 kiosk family, the check-in S3
kiosk counts for 96.3% of total sales. The S4 family only has
the check-in kiosk. Check-in S5 kiosk counts for 95.4% of the
total sales for the S5 family. Check-in TS6 kiosk counts for
98.4% of the total sales for the TS6 family. Besides this, the
historical data analysis shows that the total sales quantity of
the S6 check-in kiosks will be influenced by the total sales
quantity of S5 and S7 which will be introduced to the market
in the future. The sales volume changes of kiosk generations
can be found in the figure below.For this reason, this research
only considers using the historical sales data of the check-in
kiosk (S2 to S5) to forecast the total sales of the TS6 check-
in kiosk which is also called the TS6 flagship. Hereinafter
referred to as TS6.

This paper tries to propose a method to combine both
quantitative and qualitative forecasting methods which are
commonly used in the FMCG industry to do the demand
forecasting for the TS6 kiosks which is a slow-moving good
with low demand and high sales prices. The used qualita-
tive methods are analogy forecast, scenario forecasting, and
judgmental adjustments. The used quantitative method is the
ARIMA(Autoregressive Integrated Moving Average model)
/SARIMA(Seasonal Autoregressive Integrated Moving Aver-
age model). The outcome of this research hopes to help SITA
to meet the customer’s expectations as well as to get the price



discount from the suppliers. .
The rest of the paper is organized as follows. Section II

describe the qualitative and quantitative forecasting methods as
well as the methodology related to the clear forecasting steps
for the methods used in this research. Section III presents the
way to combine different forecasting methods and the detailed
process to do the experiments. Section IV discusses the
experiment outcome, and any further adjustments as well as
future applications. Finally, conclusions are drawn in Section
V

II. LITERATURE REVIEW

A. Forecast methods

There are many forecasting methods. The following section
first highlights some of the qualitative forecasting methods and
quantitative forecasting methods, as well as explained how and
why some of the methods are chose to be used this research.
The second part of the literature review is going to do an
introduction of the related techniques about the chose methods.

Qualitative forecasting
Qualitative forecasting is commonly used in practice. Be-

sides this, the research shows that qualitative forecasting will
have a better result if the predictor has important expertise and
up-to-date information. Qualitative forecasting can be affected
by excessive intervention, over-optimism [1], and changes in
the policy environment.

The Delphi method is a structured, interactive forecasting
method that relies on a panel of experts. [2], and these
methods show certain advantages compared with other struc-
tured forecasting methods so has been widely used for the
business forecast [3]. The Delphi method is based on the
key assumption that predictions from groups are generally
more accurate than those from individuals [4]. However, this
research does not consider using this method due to the whole
process time of the Delphi methods can be very long and it
is quite difficult to find a panel of experts with corresponding
experience.

The analogy forecast assumes one forecast model can also
explain the behavior of another phenomenon due to they share
certain similarities [5] and this method is widely used in the
pricing of a house by comparing the land size, dwelling size,
number of rooms between similar properties [6]. Analogical
predictions can often produce biases, and these biases are often
difficult to identify. Predictions should be based on multiple
dimensions of analogy to reduce bias. And using a systematic
approach to perform the comparison and prediction process
can also reduce bias [7]. This method is chosen to produce
forecast scenarios in this research.

The scenarios forecast is to come out forecast based on plau-
sible scenarios, and each scenario may have some possibility
to be an occurrence. [8]: During the historical data analysis, it
is obvious that the sales life cycle of TS6 will be influenced by
the phase-in date of S7. So in this research, different scenarios
for the phase-in date of S7 will be taken into consideration,
which helps to come out with a more comprehensive forecast.

The judgmental adjustments can provide information for
the factors that may not be accounted for in the statistical
models, such as promotion, holidays, Large orders.etc. [6].
This method can also cause bias because the users usu-
ally adjust much more than they should. It is proven that
judgmental adjustments will be more accurate when there is
significant missing information and the change is large in
size, so small adjustments should be avoided. Besides this,
a negative adjustment tends to help more in increasing the
forecast accuracy than positive adjustments. [9]. After coming
out with the final forecast by a statistical model, the result
will be sent to the expert of SITA to do some judgmental
adjustments.

Quantitative methods
Quantitative methods should only be applied when it is

available historical data and there is reason to believe that
certain patterns will persist into the future [6]. After observing
the sales figure for different series of kiosks, there is a
certain similarity between the sales line of different series of
kiosks. Therefore, it can be assumed that the past patterns will
continue into the future.

Generally, the forecast model can be divided into the
explanatory model, time series models, and other advanced
forecasting methods like neural network models and boot-
strapping and bagging, etc. which include computer Modeling
and Simulation. However, after considering the disadvantages
of machine learning methods which are as follows: (1) The
long-term accuracy improvements are not significant compared
with the traditional methods particularly when forecast time-
series data at a weekly and even daily frequency [10]. (2) The
machine learning methods require the strong programming
skills of the user and are more difficult to implement. (3) Need
a lot of data. The machine learning method is not used in the
project.

The explanatory model attempts to explain the relationship
between the predictor variables and various factors using
formulas for situations where marketing plans, competitor
activity, economic conditions, etc. have a very strong influence
on the forecast results. The explanatory model usually includes
time series regression models and dynamic regression models
[6]. The assumption for this research is that the external factors
do not have a fluctuating effect on the predicted results and
any big effect of these effects caused by external factors
can be adjusted through the judgemental adjustment after the
statistical forecast.

The simplest time series forecasting methods use only
information about the predictor variables and do not look
for factors that affect the predictor variables. Therefore, these
methods can infer the trend component and the seasonal com-
ponent. The exponential smoothing [11] [12] which was fur-
ther developed to include seasonal patterns [13] and ARIMA
models [14] or SARIMA models when the seasonality exists
in the time series data [15] are the most widely used time
series forecasting method. Due to the ARIMA model being
more widely used compared with the exponential smoothing
methods, this research decided to use the ARIMA model to



do the statistical forecasting.

B. Theory related to ARIMA model construction

Fig. 2: ARIMA model building

The detailed steps for using the ARIMA/SARIMA model
can be found in figure 2. The first thing to do before building
the ARIMA model is to use the time series decomposition
to check whether there is seasonality exists in the time series.
The time series decomposiation will decompose the time series
into trend, seasonality and cycle [6]. In this research the mul-
tiplicative decomposition is used to decompose the data as it
is more suitable compared with additive decomposition for the
economical situation.If yes, the SARIMA model will be used
instead of ARIMA in the statistical forecasting part. Secondly,
the Observation [16], as well as ADF test [17] [18]will be
conducted to check whether the time series data is stationary.
The ACF and PACF [19] can also help to determine whether
the time series is stationary or not. If the time series data is
not stationary, the differencing will be chosen to do a data
transfer [20]. Then, repeat the stationary check until the time
series data be stationary. If the time series data is stationary,
then put them into the ARIMA model or SARIMA model and
use BIC (Bayesian Information Criterion) information criteria
instead of AIC (Akaike’s Information Criterion) because BIC
is more suitable in a long term forecasting [16] to help find the
order of the parameters [21]. The next step is to run the model
and use the Ljung-Box test [22] to test whether this model is
statistically significant, if not, the next step is to find out a way
to do the parameter correction. Sometimes, the outcome will

still be accepted although the model fails in the Ljung-Box
test. Finally, the result of the model will be exported and kept
in excel.

III. METHODOLOGY

A. Research structure

It is obvious that the sales quantity of TS6 will be influenced
by the sales quantity of S5 and S7 as introduced in the section
I because they are substitutes for each other, and the total
sales quantity of all the kiosks seems to be stationary and
predictable. For this reason, this research tries to forecast the
total sales quantity for all the kiosks as well as the sales
quantity of S5 and S7 in the next 4 years. S5 is planned
to be forecasted by its own historical sales data. Due to S7
being a new product and do not have historical sales data, the
qualitative forecast methods are the first to be used to build
the forecast scenario for S7. During the interview, information
related to design innovation was got. There is a big update
from S2 to S3 which leads to the sales for S3 being quite
good and the lifetime for S3 is also longer compared with
other generations. However, both S3 to S4 and S4 to S5 are
only small updates. Another big update comes from S5 to
TS6, for this reason, the lifetime for TS6 is expected to be
longer as well as the sales quantity is expected to be higher
compared with other generations. TS6 to S7 will be only a
small update. In conclusion, referring to the analogy forecast,
the sales condition for S7 is expected to be very similar to S4
and S5. For this reason, this research tries to forecast the sales
quantity of S7 based on the historical sales data for S4 and S5.
Finally, referring to the scenario forecasting method, different
forecast scenarios for the phase in time of S7 are created. All
the scenarios are as follows: S7 phased Q1 2024, Q3 2024,
Q1 2025, Q3 2025, Q1 2026, and Q3 2026. The sales volume
for TS6 will be calculated by the sales volume of the total
kiosk minus that of S5 and S7. The forecast for all the time
series will be conducted by ARIMA or SARIMA model. All
the outcomes of the model will be discussed with the expert of
SITA to do the judgemental adjustment. In order to avoid bias,
only big changes are allowed to be made and the adjustment
will be kept for further check. In a conclusion, this research
tries to combine the quantitative forecast methods which are
the ARIMA/SARIMA model with qualitative methods which
are the analogy forecast, scenario forecasting, and judgmental
adjustments. The research structure of this project can be
found in figure 3.

B. Research experiments

Prediction for the total sales quantity According to the
theory discussed in section II, the time series decomposition
is used first to find out whether there is seasonality, trend or
cycle exists in the time series. After using the multiplicative
model, the outcome can be found below in figure 4 which is a
combination of 4 plots. The first plot shows the total quantity
varies with time. The second plot shows the trend or cycle
in the time series, in which the number of sales has a slight
increasing trend in the last 10 years. The third plot shows



Fig. 3: Research structure

seasonality, which means there are certain patterns repeated
occurrence in the past and the SARIMA model instead of the
ARIMA model should be chosen in the forecast. If there is no
seasonality exist in the time series, this plot will show only
the strength line. The last figure shows the distribution of the
residual.

Fig. 4: Time series decomposition with multiplicative model-
Total Kiosk

The next step is to determine whether the time series is sta-
tionary or not. According to figure 5, which is a combination
of 3 plots. The first plot shows the number of sales for total
kiosks varied with time in the past years. The second and third
plot shows the time series data after applying the first-order
differencing and second-order differencing. All three plots do
not show a clear upward or downward trend, but fluctuate
roughly up and down around a fixed value, for this reason,
all three-time series can be assumed to be stationary through
observation.

Fig. 5: Stationary test-Total kiosk

In the result of the ADF test for the original sales number for
the total kiosk, the t-value which equals -3.54 is smaller than
-3.47, -2.88 and -2.58,and the P value of 0.006 is less than the
significance level of 0.05. This means that unit root test results
reject the original hypothesis that the series is non-stationary,
and the time series data for the original total kiosk is 99%
accept to be stationary. In the result of the ADF test for the
original sales number for the total kiosk after applying the first
order differencing, the t-value which equals -7.55 is smaller
than -3.47, -2.88 and -2.58, nd the P value of 0.000... is less
than the significance level of 0.05. This means the time series
data for the original total kiosk after first order dfferencing is
also 99% accept to be stationary.

Combining the observation method with the unit root test
we are able to conclude that both the original data and the
first order difference data are stationary and can be used in
the SARIMA model

Because the original sales data for the total kiosk is already
stationary, it is used first in the SARIMA model. If the
outcome of the SARIMA model using the original data is not
good enough, then the first-order differencing time series data
will be chosen.

Python has the model auto-order function auto.arima, and
this research uses the auto command that comes with Python
to calculate AR (autoregressive term in the model) with 0-
5 order lags and MA (moving average term in the model)
with 0-5 order lags. As discussed in section II, the BIC is
chosen to be used to find the best parameter of the model.
With the auto. arima, all the combined BIC information of the
SARIMA model and the optimal parameters of the model are
given, and the auto.arima will stop the calculation if it finds
the best parameter. After running the model, the model with
the minimum BIC information is ARIMA (1,0,1)(0,0,0)[12].
The Ljung-Box test is chosen to test whether the residuals
of the model are white noise sequences next to test whether
the model are statistical signficant. As shown in the figure 6,
the Ljung-Box test for the SARIMA(1,0,1)(0,0,0)[12] model
resulted in a p-value of 0.83 much greater than the signifi-
cance level of 0.05, and the results of the test accepted the
original hypothesis, proving that the residual series is white
noise and the established SARIMA(1,0,1)(0,0,0)[12] model is
significantly valid.

Figure 7shows the comparison between the predicted data



Fig. 6: Outcome of SARIMA(1,0,1)(0,0,0)[12]

and the original data using the SARIMA(1,0,1)(0,0,0)[12].
However, although this model is statistically significant, this
figure shows that the model is not good at predicting the peak
of the number of sales. For this reason, the model building
based on the first-level differencing is also considered in this
research, and the outcome from these two models will be
compared to find the best model for predicting the sales of
the total kiosk.

Fig. 7: Prediction comparison for original total sales quantity

By using the auto.arima with the same steps to build
the SARIMA model for the first-level differencing of the
original time series data, the best model with the minimum
BIC is SARIMA(0,1,1)(0,1,1)[12]. The Ljung-Box test for the
SARIMA(0,1,1)(0,1,1)[12] model resulted in a p-value of 0.82
which is much greater than the significance level of 0.05, so
the results of the test accepted the original hypothesis, proving
that the residual series is white noise and the developed
SARIMA(0,1,1)(0,1,1)[12] model is significantly valid.

Figure 8shows the comparison between the predicted data
and the original data using the SARIMA(0,1,1)(0,1,1)[12].
Compared with figure 7, the prediction made by
SARIMA(0,1,1)(0,1,1)[12] model shows a better result,
for this reason, the SARIMA(0,1,1)(0,1,1)[12] model is
chosen to do a further prediction.

Prediction for the sales quantity of S5
The same as the first step for the prediction of the number of

sales for the total kiosk, the time series decomposition with the
multiplicative model is also used for time series data of S5 to
find out whether there is seasonality or trend that exists in the

Fig. 8: Prediction comparison for total sales quantity applying
first-order differencing

time series. According to the second and third plots of figure
9, the number of sales of S5 has an increasing trend until Oct
2019, and a subsequent number of sales trended downward.
Seasonality also exists in the time series data of S5, so the
SARIMA model should also be used for prediction.

Fig. 9: Time series decomposition with multiplicative model-
S5

In order to determine whether the time series data of S5
is stationary or not, the first method used is observation. By
observing the plot which can be found in figure 10 for the
original sales quantity of S5 and the original sales quantity
after the first and second differencing varies with time, it is
obvious that all the 3 figures, especially the last two figures
fluctuate up and down around ‘0” which means all the 3-time
series data seems to be stationary through observation.

Fig. 10: Stationary test-S5

The ADF test is also used for the time series of S5. In
the result of the ADF test for the original sales number for
the S5, the t-value which equals -3.58 is smaller than -2.99,
-2.63 but larger than -3.737 and the P-value of 0.006 is less



than the significance level of 0.05. This means that ADF test
results reject the original hypothesis that the series is non-
stationary, and the time series data for S5 is 95% accepted to
be stationary.

The same as the forecast for the number of sales for the
total kiosk, the SARIMA model for d equals 0 and 1 are
both built for comparison. The information criteria AIC is
used here as the data of the time series for S5 is much less
than the data for the time series of the total kiosk, and AIC
is more suitable to be applied in this situation because the
model will not be too complicated. Because S5 is discussed
to phase out the market in 2024, it is expected will have a
decreasing trend in the number of sales, for this reason, only
the data after Oct-2019 are considered to be used as they show
a decreasing trend. After comparing using the first data from
Oct-2019 to Feb-2022, the outcome of using Feb-2022 as the
first data is more reasonable, so the SARIMA model is con-
sidered to use Feb-2022 as the start. After the comparison the
outcome of SARIMA model (p,0,q) and (p,d,q), the SARIMA
model(0,1,1)(0,1,0)[12] have a better result and is chosen for
further prediction. The outcome can be found in figure 11.
The Ljung-Box test for the SARIMA(0,1,1)(0,1,0)[12] model
resulted in a p-value of 0.90 which is much greater than the
significance level of 0.05, and the results of the test accepted
that the residual series is white noise and the established
SARIMA(1,0,1)(0,0,0)[12] model is statistically significant.

Fig. 11: Outcome of SARIMA(0,1,1)(0,1,0)[12]

The in-sample prediction comparison and out-sample pre-
diction can be found in figure 12. The out-sample prediction
shows the future sales of S5 will show a fluctuating downward
trend and drop to 0 points for the first time at the end of 2021
and for the second time at the beginning of 2023.

Prediction for the sales quantity of S7
The first step to forecast the sales quantity of S7 is to build

the historical data as S7 is a new product and has not been
introduced to the market. It is expected that the S7 will not be
introduced into the market in 2023, so only 3 years of sales
data for the S7 need to be forecasted. Firstly, the historical
sales data for S4 and S5 will be taken out from the whole
time series. Then, they will be matched from the first data
to the last data and added up to each other to create the time
series data for S7. Finally, referring to the scenario forecasting

Fig. 12: Prediction for S5 quantity applying first-order differ-
encing

method, different forecast scenarios for the phase in time of
S7 are created. All the scenarios are as follows: S7 phased
Q1 2024, Q3 2024, Q1 2025, Q3 2025, Q1 2026, and Q3
2026. The historical sales data of S7 is developed based on
the historical sales data of S4 and S5 and can be found in
figure 13.

Fig. 13: Building the historical data for S7

The same as the steps before, the time series decomposition
with the multiplicative model is also used for the time series
data of S7. The result is shown in figure 14, which means
there are both trend and seasonality exist in the time series,
so the SARIMA model should be used instead of ARIMA for
making predictions.

Fig. 14: Time series decomposition with multiplicative model-
S7

After that, both the observation method and the ADF test
are used to find out whether the time series is stationary or
not. The figure shows the original sales quantity of S7 and the
original sales quantity after the first and second differencing



varies with time can be found in figure 15. From this figure,
it is clear that the original sales quantity after differencing
almost fluctuated up and down around “0”, which means the
time series data after differencing looks stationary.

Fig. 15: Stationary test-S7

In the results of the ADF test for the original sales number
of theS7, the t-value which equals -2.66 is larger than -3.59,
-2.93 but a litter bit smaller than -2.60 and the P-value of
0.08 is larger than the significance level of 0.05. This means
that ADF test results accept the original hypothesis that the
series is non-stationary. The results of the ADF test for the
original sales number of theS7 after the first-level differencing
show that, the t-value which equals -10.24 is smaller than -
3.59, -2.93 and -2.60 and the P-value of 0.000. . . is smaller
than the significance level of 0.05. This means that ADF test
results reject the original hypothesis that the series is non-
stationary, and the time series data for S5 is 99% accepted to
be stationary.

The SARIMA(p,1,q)(P,1,Q)[12] model is built based on the
minimum of BIC, and the result can be found in the figure 16.
The Ljung-Box test for the SARIMA(1,1,0)(0,1,1)[12] model
resulted in a p-value of 0.92 which is much greater than the
significance level of 0.05, and the results of the test accepted
that the residual series is white noise and the established
SARIMA(1,1,0)(0,1,1)[12] model is statistically significant.

Fig. 16: Outcome of SARIMA(1,1,0)(0,1,1)[12]

Both the in-sample prediction comparison and out-sample
prediction can be found in figure 17. The out sample prediction
shows that the sales of S7 in the future will have a fluctuating
upward trend.

Fig. 17: Prediction for S7 quantity applying first-order differ-
encing

IV. RESEARCH RESULTS

A. Residual analysis

Although all the SARIMA models have passed the Ljung-
Box test, as shown in figure 8, 12 and 17, all the prediction
data shows a little bit of lag compared with the original data.
In order to make the forecast outcome more accurate, the lags
in the result of all the time series outcomes of sales quantity
for total kiosks, S5, and S7 should be correct before getting
the final result. In this project, the MAE(Mean Absolute
Error), which was commonly used to evaluate model errors
in time series prediction [23], is chosen to test the residuals
by changing the lags of the prediction series to -1, -2, and -3.
The result of this test can be found in figure 18. The result
shows that for all the time series data(Total kiosk, S5, and S7),
the prediction result with lag -1 has the lowest residual, so it is
best to adjust the prediction series with lag -1. For total kiosks,
S5 and S7, the monthly difference is around 17 pc, 8pc, and 9
pc respectively. Besides this, the residuals for time series data
of S5 is slightly lower than that of S7 and total kiosks and the
sample size for making predictions for S5, S7 and total kiosks
are 29, 47, and 158, which may indicate simpler models tend
to produce more accurate predictions.

Fig. 18: Residual adjustment/unit

B. Judgemental adjustment

As discussed in the section II, the original forecast result
will be sent to the expert in SITA to do the judgemental
adjustment. 3 proposals to do the adjustment have been



proposed in the interview. 2 of them are accepted as important
missing information in the model, and 1 is rejected due to not
being consistent with past historical data.

Market condition is expected to be better
Due to the fact that some orders for 2023 have already been

received at the end of the year 2022, the market condition is
expected to be very good in the year 2023 and the following
years and has a growth rate of 15% compared with 2022. This
growth rate is expected to decline smoothly in the coming
years, with a growth rate of 10% in 2024 and 5% in 2025.
Due to the fact that the demand information about the surge in
market demand is not included in the forecasting model, the
model predicts a lower growth rate than the experts’ forecasts,
as well as taking into account the fact that statistical models are
better able to grasp the patterns in the data. The growth rates
for 2023, 2024 and 2025 are therefore adjusted to the expert’s
estimated growth rates but retain the monthly fluctuations
predicted by the SARIMA model. The specific model growth
rate calculation results and formulas are shown below.

Model Adjusted Growth Rate =

Model Prediction y1 ∗ Growth Rate y1

Model Prediction y2

(1)

• 2022-2023 increase 15%. Growth rate in the model be
1.169

• 2023-2024 increase 10%.Growth rate in the model be
1.06

• 2024-2025 increase 15%.Growth rate in the model be
1.01

Missing market growth for S7 from 2018 to the year
when phase in the market

The forecast result for S7 seems to be too small due to the
total market demand for the kiosk is continuously increasing.
However, the time series data of S4 which was used to make
predictions for the sales quantity of S7 ended in 2018, but
the prediction for S7 starts after 2024, which shows a lack
of market growth from 2018 to 2024. Expert’s opinion is to
expect the sales of the S7 will reach 1000 pcs in the first year
after phasing into the market, however, referring to historical
sales data, no generation of the kiosk has the experience to
sales 1000 pcs in the first year. For this reason, this adjustment
is not accepted in this research. However, the forecast result
for S7 is too low for this reason, so the growth rate for the total
kiosk from 2018 to the year when S7 is phased in is used to
correct the missing market growth. The formula to calculate
the growth rate is shown below, and the growth rate of S7
for 2024, 2025 and 2026 is 1.34,1.32 and 1.36 respectively.
The application for the growth rate of S7 is not the same as
that of the total kiosk. The Growth rate of the total kiosks for
2023,2024 and 2025 is applied to each year respectively, but
the growth rate of S7 for 2024 is only applied to assumptions
1 and 2, the growth rate of S7 for 2025 is only applied to
assumptions 3 and 4, and the growth rate of S7 for 2026 is
only applied to assumptions 5 and 6.

Growth Rate of S7 in yn =
Sum of Total Kiosk in yn

Sum of Total Kiosk in 2018
(2)

In the conclusion, 3 adjustments are applied to the original
forecast series in order to get the final outcome for all the
assumptions.

• In order to solve the fact that the prediction time series
sequence is always behind the original time series se-
quence, all the 3 time series sequences agreed to move
back to lag -1 to increase the forecast accuracy.

• In order to solve the fact that the market condition for
years 2023 to 2025, especially 2023 will be much better
than the forecast condition, the annual growth rate for
2023, 2024 and 2025 are taken into the calculation to
make adjustments for the final forecast outcome.

• In order to solve the fact that the market growth from
2018 to the year when S7 is introduced to the market is
missing, the special market growth rate for each assump-
tion is calculated and applied in the final adjustment.

C. Future Application

As mentioned in section I, the main aim of this project is
to forecast the sales quantity for TS6 in the next 4 years so
as to find a way to shorten the product lead time to meet the
customer’s satisfaction as well as try to get the price discount
from the suppliers.

1) Shorten the product lead time: The visualization of
product production plan

As discussed in the sectionI, normally the customers want
to receive the products within 12 weeks after placing the order.
However, , the overall time from procurement to final delivery
needs about 10 to 16 weeks, and the procurement time takes
up the most time which is about 6-8 weeks. In order to shorten
the overall lead time to meet the customer’s expectations, with
the forecasting result, the procurement process can be started
6- 8 weeks in advance, so that the overall lead time can be
shortened to 4-8 weeks. However, considering the inventory
holding cost, the inventory holding time should also be kept as
short as possible. For this reason, the best plan is to start the
procurement process 4 weeks in advance. If considering the
production and assembling process, the customs and shipment
process, and the final delivery process will take 8 weeks in
total, the yearly product production plan for TS6 and S7 is
visualized and can be found in the figures below.

Procurement plan
If it is assumed that the time of each process is calculated

according to the maximum time, the new timeline is shown in
the figure 20.

Raw material purchases need to be made 8 weeks prior to
production. Together with the plan to increase the purchased
quantity to 1000 pcs which is discussed in section I. The
purchase plan start from 2023 for TS6 and S7 for assumption
4 and 5 can be found below.

It is worth noting that the procurement values in the figure
with yellow criteria are larger than the forecasted values, as



Fig. 19: The product production plan yearly/unit

Fig. 20: The overall timeline

the demand in 2027 is outside the forecasted interval. In
assumption 4, 599 more pcs of raw materials are ordered, and
245 more pcs of raw materials in assumption 5. However, it is
expected these over-ordered raw materials will be completely
consumed in the future.

Obtained the purchasing discounts to save total cost
According to the interview, the material stands for 50%

to 60% of the total cost of the TS6 kiosk, and the annual
inventory cost stands for 2% to 5% of the total cost. In
addition to this, the raw materials have a very long shelf life,
much longer than four weeks. According to the figure 21, the
maximum time of raw materials in storage is 18 months, and
the average time is 9 months. The following formula calculates
the cost savings of increasing the purchase plan from 100 pcs
to 1000 pcs. If SITA successfully gets the 20% discount on
buying the raw materials, it will save 1.25.6% to 4.5% on the
original price.

Lower Bond: Price ∗ 50% ∗ 10%−

Price ∗ 5% ∗ 9

12
≈ 1.25% Price

(3)

Upper Bond: Price ∗ 60% ∗ 10%−

Price ∗ 2% ∗ 9

12
≈ 4.5% Price

(4)

V. CONCLUSION

This study has both scientific and practical contributions.
Scientific contribution: Demand forecasting is widely used

Fig. 21: The overall procurement plan/unit

in the FMCG industry, and for companies like SITA, due
to the low demand for their products and high production
costs. Usually, the production method is based on order-
based production. This research explores the possibility of
demand forecasting for the slow-moving consuming industry
based on real historical sales data of SITA kiosks by using
the forecasting method widely used in the FMCG industry.
Practical contribution: In this research, the forecasting sce-
nario which is suitable for TS6 is developed by analyzing the
historical sales data of the TS6 Kiosk, and selecting suitable
qualitative forecasting methods which are the analogy forecast,
Scenario forecasting, and Judgemental adjustment and quanti-
tative forecasting methods: SARIMA/ ARIMA model through
the method of literature review. The TS6 kiosk’s sales volume
up to 2026 was successfully calculated using a combination
of qualitative and quantitative forecasting methods by first
filtering, reviewing, and differencing the historical sales data
before putting it into the statistical models. Besides these con-
tribution, this research can help SITA to meet the customers’
expectations as well as to save 1.25.6% to 4.5% on the original
price for the total cost.

Due to the limited information available, this project also
has some limitations to be developed and added in the future.

(1)Abnormal values in the original data. In this research,
only the very obvious abnormal values were processed when
performing data cleaning before prediction. However, there are
some data with abnormal values that cannot be traced due to
the long time, so they just be kept in the forecast sample data.
Suitable hypotheses for these abnormal values can be explored
later to handle the abnormal values more rationally.

(2)Treatment of residuals. In order to reduce the prediction
error, the ARIMA model can be combined with machine
learning, neural network prediction and other methods to
increase the accuracy of prediction, and develop the combined
ARIMA-neural network algorithm.

(3)In this project, due to consider the influence of envi-
ronmental factors on the prediction results will be small and
the difficulty of to measure of explanatory variables, the time
series statistical model was chosen for the study, but using
a time series model may ignore the influence of political,
economic, social and environmental factors on the prediction
results. Therefore, subsequent studies can add explanatory
variables to the ARIMA model and change the time data series
into panel data to develop a dynamic forecast model, making
the prediction become more comprehensive.

(4)To make the forecasting process easier, the forecasting



model can be integrated with the company’s order manage-
ment system, making it possible for the forecasting model to
automatically update forecasts based on monthly orders, as
well as do the data validation and corrections.
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SITA

SITA is the world-leading specialist in air transport communications and information technology that mainly
provides service and IT support for airline operators and works with around 400 air transport members and has
2800 customers in 190 countries. The main customers include airports, airlines, ground handlers and airport
groups. Almost every airline and airport does business with SITA. They work not only to connect the global
airline industry but also apply expertise to address virtually all core business, operational, baggage and passenger
processes in the air transport. SITA’s portfolio for the global air transport industry is shown below in figure
1. SITA divides their global customers into four segments and is named four Geographical regions(GEO’s):
North and South America (AMER), Europe (EURO), Asia, India, and the Pacific (APAC) and the Middle East and
Africa(MEA).

Figure 1: The main portfolio of the SITA
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TS6 Kiosk

Kiosk is the SITA’s product for processing passenger information. After optimizing the fourth and fifth gener-
ations of the product, the sixth generation is now available and has become more customized. TS6 is a highly
modular, cleverly designed, and highly customizable device that can be used in check-in, bag tagging, and border
control within airports. It aims to increase the efficiency of customer journeys and provide cost reductions to
airports. The TS6 kiosk has the following main modules: Payment module, ADA keypad, Advanced Branding,
Mobility (Battery & Wheels), Overhead display, spares and a biometric sensor. Due to its high modularity, the
customers can choose their own modules to design their own Kiosk, which also means it is possible to divide a
kiosk into standardization parts that can be made to stock and customized parts which can be made to order. In
addition, the TS6 is also available in different series to meet customer needs which can be found in figure 2.

Figure 2: The TS6 series
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