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Abstract - The purpose of this study is to find a suitable
forecast aggregation strategy for forecasting temporally
aggregated hierarchical data series when the base level data
exhibits a seasonal pattern. The study employs 10-year
monthly data of foreign tourists visited in Kerala. Forecasting
is essential for the four levels of hierarchy; the monthly,
quarterly, halfyearly and annual foreign tourist visit data. The
forecasting strategies deliberated in the project are; bottom-
up approach, top-down approach, and the optimal
combination approach with Ordinary least square (OLS) for
reconciliation. The performance of different strategies is
compared using the Mean Absolute Percentage Error (MAPE).
The exponential smoothing techniques; single exponential
smoothing, double exponential smoothing and triple
exponential smoothing are used for forecasting individual
series. The study concludes that the suitable forecast
aggregation strategy for forecasting temporally aggregated
hierarchical data series when the base level data exhibits a
seasonal pattern is bottom-up approach. Bottom-up approach
outperform all top-down approaches and optimal combination
approaches on average and across all levels.

Key Words: Temporal Hierarchy, Forecast reconciliation,
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1. INTRODUCTION

Demand forecasting plays a crucial role in the operations of
modern organizations. It supports a variety of business
decisions, from operational, to tactical, to strategic level,
such as capacity planning, resource planning, advertising
and promotional planning, demand planning, analyzing
competition effects, tactical production planning, among
others. Forecasting is valuable to businesses because it gives
the ability to make informed business decisions and develop
data-driven strategies. Financial and operational decisions
are made based on current market conditions and
predictions on how the future looks. Past data is aggregated
and analyzed to find patterns, used to predict future trends
and changes. Forecasting allows your company to be
proactive instead of reactive. Accordingly, practitioners need
to define the forecast objective in terms of forecast horizon
and time bucket (e.g., daily, weekly, monthly, quarterly, half
yearly, etc.), so as to support the appropriate decisions.

Forecasting is the process of making predictions of the
future based on past and present data and analysis of trends.
A commonplace example might be estimation of some
variable of interest at some specified future date. Prediction
is a similar, but more general term. Forecasting is a problem
that arises in many economic and managerial contexts, and
hundreds of forecasting procedures have been developed
over the years, for many different purposes, both in and
outside of business enterprises. Accurate demand forecasts
lead to efficient operations and high levels of customer
service, while inaccurate forecasts will inevitably lead to
inefficient, high-cost operations and/or poor levels of
customer service. Risk and uncertainty are central to
forecasting and prediction; it is generally considered good
practice to indicate the degree of uncertainty attaching to
forecasts. In any case, the data must be up to date in order
for the forecast to be as accurate as possible. The recognition
of the best forecasting techniques is very crucial in the
forecasting field, since the forecasts are used to drive the
budget, distribution, and production planning processes.

The main objectives of the current study are as follows:

e Todevelop asetofaggregation strategies to forecast the
demand of product hierarchies based on temporal

(time) aggregation corresponding to a specific class of

data.

1. Identify different forecasting techniques
through literature survey.

2. Find the appropriate hierarchical forecast
reconciliation for the available data set.

3. Perform Bottom up and Top-down approaches
of forecasting.

4. Compare the forecastapproaches and develop a

set of aggregation strategies.

The remainder of the paper is organized as follows. chapter
2 describes the most popular HF methods found in the
literature, while Section 3 presents the proposed forecasting
technique and reconciliation approach. Section 4 presents
the results and findings. Section 5 concludes the work.
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Corrélation consists of 12 months data (M1, M2, M3, M4, M5, M6, M7,
matrix. M8, M9, M10,M11, M12). Level 2 consists of 4 quarters data

Filotas (Q1, Q2, Q3, Q4). Level 1 consists of 2 half years data (H1,
Theodosiou, Deep H2). The top level (level 0) consists of yearly data. These are
&Nikolaos Temporal represented in a hierarchy.
Kourentzes hierarchica
(2021), Deep Bottom | 1 MAE,
1| Learning Emperica | -up forecasting | RMSE,
0| Temporal 1 data approa | (LSTM &
Hierarchies  for ch [Long short | MAPE
Interval Forecasts, term
International memory
Conference on Al networks])
in Finance

Test data are used for identifying and comparing the
forecasting techniques. Generally, error measures such as
RMSE, MAPE, and MAE are used in the papers related to
temporal aggregation. The forecasting techniques generally
used are Exponential smoothing, AR, MA, ARMA, and ARIMA
models. Few studies are included the reconciliation
techniques on temporal forecasting. The characteristics of
demand can be significant in selecting appropriate
forecasting strategies. Top-down and Bottom-up approaches
are common strategies used for temporal hierarchical
forecasting. An optimal combination method outperforms
the bottom-up and top-down approach. In hierarchical
forecasting the base forecasts are aggregated to top level by
using Bottom-up approach, and allocated downwards using
Top-down approach.

3. METHODOLOGY

The data collection is an important step for this study. Data
selected should be analyzed to know the nature of the data.
Trend, seasonality, cyclic, irregularity, etc. of the data should
be check before forecasting. The nature of the data gives the
idea of whatkind of techniques should follow for forecasting.
For the study the seasonality index is calculated and plotted
the graph of the data.

From Kerala tourism statistics, the data of number of foreign
tourists visited in Kerala are available. The monthly data up
to 2019 is available. For this study, over 10-year data of
number of foreign tourists visited in Kerala are selected. The
data divided in to training data and test data for calculations.
The first 6-year data (2010 - 2015) are taken as training set
and the next 4-year data (2016 - 2019) are taken as test
data. The test data are used for validation. Comparison of
different forecasting approaches are performed using the
error variation in the forecasted value and actual value of
test data set.

The data analysis is carried out by plotting the graph of the
data set and by ACF and PACF plots. For temporal
aggregation the data is hierarchically represented as
Monthly, Quarterly, Half yearly, and Yearly. The hierarchy
used in this study is shown in fig. 1. The base level (level 3)

NI
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Fig -1: Temporal hierarchy for this study

M represents the months, Q for quarters and H for halfyears.
From the hierarchy M1, M2, and M3 add up to get Q1.
Similarly, all levels of data were generated using the base
level.

The nature of the data set can be understood from the
corresponding plots. For monthly, quarterly, and halfyearly
data, the graph shows a seasonality. The seasonal data can’t
use for single and double exponential smoothing techniques.
So, the data are deseasonalized by dividing the data with
corresponding seasonality index. For calculating the
seasonality index the training data set are used. The plots for
monthly, quarterly, and half yearly data are shown in fig. 2.
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Fig -2: Plot of monthly, quarterly, and half yearly data
(Number of foreign tourists visited vs time)
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The deseasonalized data plot for monthly, quarterly, and half
yearly are shown in fig. 3.
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Fig -3: Plot of deseasonalised data of monthly, quarterly,
and half yearly (Number of foreign tourists visited vs
time)

The yearly data is seeming to be non-seasonal. The plot of
yearly data shows a trend line. Triple exponential smoothing
technique is only applicable for seasonal data. Here triple
exponential smoothing can’t be applicable for yearly data.
The plot of yearly data is shown in fig. 4.
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Fig -4: Plot of yearly data (Number of foreign tourists
visited vs time)

3.1 Forecasting techniques

Single exponential smoothing, double exponential
smoothing, and triple exponential smoothing techniques are
used for forecasting. The forecasts of individual nodes in
each level were forecasted using the three methods. The
individual forecasts then reconciled to generate more

accurate forecast. Single, double, and triple exponential
smoothing are done using the forecast equations. o, 3,and I'
values are set for choosing best forecast.

SES assumes a fairly steady time-series data with no
significant trend, seasonal or cyclical component. Here, the
weights assigned to past data decline exponentially with the
most recent observations assigned higher weights.

In single ES, the forecast at time (t + 1) is given by
(Winters, 1960)

Ft+1 = (XYt + (1'(X)Ft

Parameter a is called the smoothing constant and its value
lies between 0 and 1. Since the model uses one smoothing
constant, it is called single exponential smoothing.

Using the equation, the forecasts for test data are
calculated. For each node in each level, the forecasts are
calculated. The forecast error measured using MAPE and
RMSE calculations.

Holt’s method of double exponential smoothing is used in
this study. One of the drawbacks of single exponential
smoothing is that the model does not do well in the presence
of trend. This can be improved by introducing an additional
equation for capturing the trend in the time-series data.
Double exponential smoothing uses two equations to
forecast the future values of the time series, one for
forecasting the level (short term average value) and another
for capturing the trend.

Level (or Intercept) equation (Lt ):
Le=aYe + (1-a)F¢
he trend equation is given by (Tt ):
Te=RB(Le¢ - L) + (1-B)Teq

a and f3 are the smoothing constants for level and trend,
respectively,and 0 <a<land 0 <R < 1.

In this study, Holt-Winter model of triple exponential
smoothing are used for calculations. Single and double
exponential smoothing techniques discussed so far can
handle data as long as the data do not have any seasonal
component associated with it. However, when there is
seasonality in the time-series data, techniques such as
moving average, exponential smoothing, and double
exponential smoothing are no longer appropriate. In most
cases, the fitted error values (actual demand minus forecast)
associated with simple exponential smoothing and Holt’s
method will indicate systematic error patterns that reflect
the existence of seasonality. For example, presence of
seasonality may result in all positive errors, except for
negative values that occur at fixed intervals. Such pattern in
error would imply existence of seasonality. Such time series
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data require the use of a seasonal method to eliminate the
systematic patterns in error.

Triple exponential smoothing is used when the data has
trend as well as seasonality. The following three equations
which account for level, trend, and seasonality are used for
forecasting (for a multiplicative model, Winters 1960):

Level (or Intercept) equation:
Le = a(Ye/Sec) + (1-a)[Le1 + Tea]
Trend equation:
Te=13(Le - Lea) + (1-8)Tes
Seasonal equation:
Se=T(Ye/Ly) + (1-T)St-c

The forecast Fi.1 using triple exponential smoothing is
given by:

Fr1 = [Lt + Tt] * Stc

Where c is the number of seasons (if it is monthly
seasonality, then ¢ = 12; in case of quarterly seasonality c =
4; and in case of daily data c = 7).

3.2 Forecasting approaches for hierarchical and
grouped time series

This study mainly focused on Bottom-up, Top-down and
Optimal combination approaches. The Optimal combination
approach used in this study are discussed in section 3.1 and
section 3.3.

Bottom-up (BU) approach first generates the base
forecasts in the bottom level of the forecasting structure,
using a forecasting model. All other forecasts in the structure
are generated through aggregating of the base forecast to the
higher levels, in a manner which is consistent with the
observed data structure. In this study, the calculations used
for bottom-up approaches are;

Yorh = IMih + IMzh + IM3h

Yozh = IMah + IMsh + FMen

Yo3h = IM7n + Imsn + ImMon

Vo4 = Imion + FMi1h + YMizh

VHLh = IMLh + FM2h + M3 h + IMah + FMsh + TMen
VHzh = YmM7n + YMsh + FMon + Fmion + Fmith + FMmizh

Yah = IMih + Fvzn + Yz h + YMan + Yumsh + Tmen + Fvzn + Fvsn +
§7M9,h + §7M10,h + §7M11,h + §7M12,h

The top-down approach aims to perform a forecast for the
top level of the hierarchy (¥1), and then disaggregate it to the
different nodes by using a predefined proportion. The most
common approach is the use of the average for each node, j,
relative to its “parent” node as a proportion. The equation
for selecting the proportion (pj) is given by;

For the hierarchy shown in Fig. 3, the predictions for the
different nodes based on ¥y, are given by:

~| =

IIEEDS %
t=1
YHLh = DH1" YAh

YH2h = PH2* Tah

Yaih =Pat * Jan

$q2h = Pqz - Jan

$Q3h = Pz * Jan

YQah = Pas * Jan

YMLh = PM1 * Tah

YMzh = PM2 * Tah

YM3h = PM3 * Fah

YMan = PM4 * Tah

YMsh = PMs * Jan

$Meh = PMs * Jahn

YM7h = Pm7 * Yah

YMah = Pms * Jan

YMoh = PMo * Fah

§’M10,h = Pm1o* §’A,h

9M11,h = Pwmi11 §’A,h

§’M12,h = Pmiz §’A,h

Using these equations, corresponding forecasts are
calculated.

3.3 Reconciliation

Reconciliation is the process of making the forecasts
coherent. In this study, the reconciliation on hierarchical
forecast is done using OLS (Ordinary least square) method.
Reconciliation to hierarchical forecasting gives optimal
combination approach. The OLS reconciliation technique is
introduced by using programming language of python.
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The convenient general matrix representation is;
Yt = Sbt

where S is a “summing matrix” of order m x n which
aggregates the bottom level series to the series at
aggregation levels above. For this study, the matrix
representation is;

Ya

111111111111
Yhl 111111000000
Yh2 0000001 1 1 111
Yql 111000000000 Yml
Yq2 000111000000 Ym2
Yq3 000000111000 ¥Ym3
Yq4 000000O0O0OO0COTI1 11 Ym4
¥Yml 100000000000 Ym5
Ym2 01 00000O0O0O0GO0O Ymé6
ym3 = 0010000000O0GD0O Ym?
Yma 00010000O00O0GO0O
¥Ym5 00001000GO0O0TO0OQO Ym8
Ymé 00000100000 OQOQ Ym9
ym7 000O0O0CO0T10O0O0GO0O Ym10
¥Ym8 000000O0T100GO0O Ymi1
¥Ymo9 00 0O0OOOCOOTILIOOODOQO Ym12
Ym10 000000O0O0OTIO0OQO
Ymil 000000O0OCOO0TI1O
Ym12 000000O0O0OO0O0.I

Here the summing matrix in in the order of 19 x 12. The
reconciliation is conducted by introducing a mapping matrix
(P) in to the equation.

The hierarchical forecasting with reconciliation can then
be written as,

?n{h} — Sp?n{h}

For some appropriately chosen matrix P. That is, existing
methods involve linear combinations of the base forecasts.
These linear combinations are “reconciled” in the sense that
lower-level forecasts sum to give higher level forecasts. The
effect of the P matrix is to extract and combine the relevant

elements of the base forecasts ?n{h}' which are then
summed by S to give the final revised hierarchical forecasts,

Yn{n}-
For OLS reconciliation;
P = (5"5)" 5’

These equations are programmed in python. The
hierarchical forecasts of each level are reconciled using
python software. The reconciled forecasts then used for
comparison to find optimum strategy.

Mean absolute percentage error (MAPE) is the average of
absolute percentage error. Assume that the validation data
has n observations and the forecasting is carried out on
these n observations. The mean absolute percentage error is
given by;

1wy |YE—Ft
MAPE=—2 + 1~ *100

n Yt

The equation is used for measuring the accuracy of the

forecast. The forecast with minimum MAPE value is taken as
best forecasting method. The MAPE value of each level are
used for comparing the forecasting techniques and to
develop a set of aggregation strategy. The calculations of
MAPE of each level in each forecasting methods and
approaches are tabulated in appendices.

4.RESULT AND DISCUSSION

Over 10-year data of foreign tourists visited in Kerala are
taken for this study. The data divided in to training data set
of 6 year and a test data set of 4 year. The test data set is
used for validation. Corresponding MAPE values for each
approach for the test data set were calculated. The approach
with minimum MAPE value is taken as optimum approach.

Individual forecast of each node in each level are calculated
and the corresponding MAPE are measured. The comparison
of each forecasting techniques using MAPE value is discussed
in Table 2.

Table 2: Base forecasts of all levels

LEVELS SES DES TES
Level 3 7.82628 7.2704 6.10305
Level 2 6.87958 6.15453 6.12763
Level 1 6.4065 6.0496 3.787
Level 0 5.7073 5.236

Where, SES - Single exponential smoothing, DES - Double
exponential smoothing, and TES - Triple exponential
smoothing.

From the study, the best forecasting technique for each level
is identified and it is listed below:

e For base forecast of level 3, Triple exponential
smoothing is the best forecasting technique.

e For base forecast of level 2, Triple exponential
smoothing is the best forecasting technique.

e For base forecast of level 1, Triple exponential
smoothing is the best forecasting technique.

e For base forecast of level 0, Double exponential
smoothing is the best forecasting technique.

Single exponential smoothing, Double exponential
smoothing, and Triple exponential smoothing techniques of
forecasting are used in Bottom-up, Top-down, and Optimal
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combination approaches. The minimum MAPE value among
three techniques are used for comparison.

The comparison of each forecasting approaches for all levels
of hierarchy using MAPE value is discussed in Table 3.

Table 3: MAPE comparison of all levels of hierarchy

FgRPE;%irégG Level 3 | Level 2 Le; el Le(\)/ el
BU 5.63623 | 4.8478 | 5.3737 | 3.5254
TD 9.04322 | 54986 | 5.4414 | 5.2360
ocC 8.03957 | 5.58133 | 5.3777 | 3.4781

Where; BU - Bottom-up, TD - Top-down, and OC - Optimal
combination.

From the study, the best forecasting technique for each level
is identified and it is listed below:

e For level 3, Bottom-up approach is the best
forecasting strategy.

e For level 2, Bottom-up approach is the best
forecasting strategy.

e For level 1, Bottom-up approach is the best
forecasting strategy.

e For level 0, Optimal combination approach is the
best forecasting strategy.

For identifying the best strategy, the MAPE value is used.

The study helps to develop a set of aggregation strategy to
forecast the number of foreign tourists visited in Kerala for
the period of 2016 to 2019 in hierarchies based on temporal
(time) aggregation corresponding to a specific class of data.
Monthly, Quarterly, Half yearly, and Yearly forecasts are
calculated using the developed model for the test period and
itis validated using actual data.

5. CONCLUSIONS

The main objective of the study was to develop a set of
aggregation strategy to forecast the number of foreign
tourists visited in Kerala in hierarchies based on temporal
(time) aggregation corresponding to a specific class of data.
In this study, the test data set is from 2016 to 2019. For the
developed hierarchy, the best forecasting methods are
identified in each node of each level and the best forecasting
strategy are identified in each level. That is, the optimum
forecast and strategy for all months, all quarters, all half
years, and all years of test data set are developed. The
approaches used are Bottom-up, Top-down and Optimal

combination. The forecasting techniques used are single
exponential smoothing, double exponential smoothing, and
triple exponential smoothing. MAPE (error measure) is used
for finding the best forecasting approach and best
forecasting technique.

From the study, for the tourist visit data set the suitable
forecasting technique is triple exponential smoothing. Triple
exponential smoothing technique is suited for seasonal data
set. The yearly tourists visit data shows only a trend. So,
double exponential smoothing is more appropriate for yearly
tourists visit data. The study concludes that the suitable
forecast aggregation strategy for forecasting temporally
aggregated hierarchical data series when the base level data
exhibits a seasonal pattern is bottom-up approach. Bottom-
up approach outperform all top-down approaches and
optimal combination approaches on average and across all
levels.

There are different forecasting techniques like AR, MA,
ARMA, ARIMA, Single exponential smoothing, double
exponential smoothing, triple exponential smoothing, etc.
This study focused on the exponential smoothing methods
according to the literature. It is one of the limitations of the
study. Similarly, there are different reconciliation techniques
like OLS, WLS, MinTrace, etc. For this study, the OLS method
of reconciliation is used. It can also be a limitation of the
study. In addition to Bottom-up and Top-down approaches
there are middle-out and optimal combination approach are
there. In this study, the middle-out and optimal combination
approaches are not used. It is also a limitation to the study.
Forecasting in temporal hierarchy needs long period of data.
The data taken for the study is only over 10 - years.

The future work of the study relies on different areas.
Forecasting for intermittent demand data and forecasting for
seasonal data using SARIMA models can be included in this
work in future. Covid pandemic period plays badly on
tourism sector. So, the forecasting will be effective in 3
different time periods. Thatis, pre-covid period (up to 2019),
Pandemic period (from 2020), and a post-covid period. The
forecasting on any product demand will have an effect due to
the covid pandemic period. For future works, the time period
of data collection is very important.
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