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Abstract: Forecasting is one of crucial problem that is confronted all industries, especially for Home Delivery and
Assembly Service (HFDAS). A better operational planning is initiated by the appropriate forecast demand. In this
research, although the HFDAS providers have been operated over one year, the logistic providers have not
implemented any of the appropriate forecasting methods as their demand planning. Hence, the provider has no
preparation to anticipate the increasing of demand that caused the higher transportation cost about 54% of total cost
in 2015. The daily demand forecasting is suggested in order to provide the operational guideline such as the number
of employees, number of trucks, equipment, warehouse capacity and future demand anticipation. This paper attempts
to predict the daily demand by using time series analysis including short-term and long-term forecasting. The time
series forecasting methods include naive, moving average, exponential smoothing, Holt-Winters and ARIMA methods.
The comparison of accuracy measurements is studied in order to determine the best forecasting method for both
countries. According to the accuracy measurements, Holt-Winters method were selected as the best method for short-
term and long-term forecasting daily demand in Jakarta and Bangkok. Finally, dynamic forecasting is recommended
to yield a better result.

Keywords: Daily demand, Time series analysis, Seasonality factors, Holt-Winters methods, Accuracy
measurements comparison

1. Introduction

Demand forecasting is one of the most important factor that is highlighted in any organizational and
enterprise level. By predicting the future demand, the company can prepare several strategic, operational and
planning decisions in order to reduce the waste of outcome. For example, the sales forecasting helps the retail
business to manage their production, purchasing, transportation and labor force [1]. The more accurate
forecasting also can minimize the bullwhip effects in supply chain. The forecasting of airport passenger is an
indication for the stakeholders to improve the performance by preparing the scenario analysis. Indeed, the
demand of electricity and heat load forecasting successfully reduce the environment impact in terms of energy
[2]. The implementation of accurate forecasting affects the operational efficiency and avoids the negative
impacts of future demand. This research uses the realistic case of a home furniture delivery and assembly service
(HFDAS) which receives the various furniture products from the customers. The services are to deliver furniture
components, kitchen installation and curtain sewing products from the Home Furnishing Company store and
distribute to customer locations across the service zones. Not only in Jakarta, Home Furnishing Company
Bangkok also outsourced the delivery service to the third-party logistic (3PL) company. Based on key
performance indicators report, the HFDAS provider in Jakarta confronted the delayed and rescheduled
complaints almost one order per day during January-September 2015. This situation caused the higher
transportation cost about 54% of total cost in 2015. Concurrently, the suddenly increasing of demand during 25-
31 December 2015 was occurred due to the 15,000 baht tax deduction by Bangkok’s government, as a gift for
the people [3]. This scheme enacted HFDAS providers business, then it is called bullwhip phenomenon.
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Unfortunately, the research that emphasized the furniture industry and supply chain management issues with
respect to home furniture delivery and assembly service are not comprehensively carried out.

The major contributions of this paper consist of threefold. First, this paper is believed as the first attempt to
study the demand forecasting for home furniture delivery and assembly service in Jakarta and Bangkok. Second,
the forecasting of daily demand was analyzed by using time series analysis in order to anticipate the future
demand. Mostly, previous researches addressed in the manufacturing and energy industry case studies which
solved the problems of demand planning in term of electricity price, heat load, telecommunications, tourism
demand, population, passengers of airline and truck sales [4,5]. The best forecasting method and peak period can
be identified as the preparation planning to anticipate the forecast daily demand. The historical of applications
and relevant researches about home furniture delivery and assembly service have been reviewed from the past to
the recently researches in Section 2. Several forecasting methods are explained in the Section 3. However, case
study and time series analysis are described in the section 4. Finally, section 5 includes the conclusion and
further research.

2. Literature Review

2.1. The Characteristics of Home Furniture Delivery and Assembly Service

Basically, the home furniture delivery and assembly service has the similar issues which are faced by other
home delivery services or last mile delivery. These pertain in delivery time, packaging, loading, facility
expansion, the reverse logistic and bullwhip phenomenon. In terms of truck loading problem, Hostetler [6]
indicated the inefficiency of the packaging and loading sequences problem for home delivery service of truck.
The findings by Morganti et al. [7] showed that the ongoing explosion of demand in home delivery service
forced the Amazon and Zalando Company to expand and establish new facility, in particular for being a
distribution centre. Furthermore, several researches visualize the current operation activities such as food
distribution centre [8], warehouse management with lean [9] and warehouse analysis [10].

2.2. Forecasting Demand by Using Time Series Data Analysis

Many researches developed forecasting methods to yield as accurate as results. For retail sales or department
store, the study by Geurts & Kelly [11] categorized the forecasting techniques of department store into three
methods including judgmental, econometric and time series. Judgmental method is normally used when the
historical data is unavailable. Hence, the judgmental method is more popular in terms of new product/service
forecasting [11, 12, 13]. Otherwise, the econometric and time series methods are frequently used to forecast
existing sales due to the availability of historical data. In addition, the extra cost must be prepared also to collect
the independent variable data such as economic variables and income level data [11,14]. Otherwise, time series
method tends to have less cost, simplicity and accuracy to be implemented that basically used only the previous
sales data. Finally, the findings by Groff [15], Schmidt [16] and Geurts & Kelly [11] postulated that the time
series outperformed econometric forecast. In term of extrapolation or time series, several researches utilized the
historical data as the database to build the forecasting models. The one well-known method is Holt-Winters
method which considers three parameters including level, trends and seasonality term. Before implementing the
Holt-Winters method, Chatfield & Yar [17] investigated three main practical issues that are faced in the Holt-
Winters method including the normalization of seasonal indices, determination of starting values and the choice
of smoothing parameters. Lawton [18] examined the basic additive form of Holt-Winters method and improved
the quality of estimates by using the correction method. The spreadsheet tested two case studies including
monthly passengers of airline and quarterly demand of chemical company. The research by Tratar & Strmcnik [2]
compared the 16 time series forecasting techniques by using heat load data from case studies. Each technique is
tested to forecast the daily, weekly and monthly demand of heat load with parameters (alpha, beta and gamma)
by using Solver function in Microsoft Excel. The one of popular time series forecasting techniques is the Box-
Jenkins method, especially for univariate method. Auto regressive-integrated-moving average (ARIMA) model
is a general stochastic process that was introduced by Box-Jenkins in 1970 [19]. Both Holt-Winters and ARIMA
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methods are usually compared to select an appropriate forecasted demand. Many researches attempt to test the
ability of Holt-Winters and ARIMA method to predict the future demand including Chatfield [19], Chatfield &
Yar [17] and Bianchi et al. [20]. The study by Chatfield [19] suggested to apply the Holt-Winters method for
series in which the variation follows the trend and seasonal.

Based on the previous research, it was found that most researchers focused on retail sales, manufacturing
and energy industry case studies which solved the problems of demand planning. The applications include
electricity price, telecommunications, tourism demand, population and truck sales [5]. Only a few researchers
focused on the forecasting in the home furniture delivery and assembly service. In the current study, the
company has never prepared for the future demand that is very important to plan the required supply. Hence, this
paper attempts to apply five forecasting techniques of time series including naive forecasting method, moving
average, simple exponential smoothing, Holt-Winters forecasting and ARIMA methods in order to estimate the
daily demand. Finally, the accuracy of individual methods are compared by using mean absolute error, mean
absolute percentage error and U-statistics in order to select the most accurate results.

3. Methods

3.1. Forecasting Techniques

o Naive forecasting method

Generally, the naive method is the simplest way to forecast the daily demand. Aneiros et al. [21] used the
naive method to forecast the daily demand of electricity. The historical data is highly required because it is
assumed that the forecasted demand (¥,.) is equal to the demand at previous period (Y;) [2,13].

Yeii=Y (1)

e Moving average

The moving average has a simple calculation based on time series. Let Y; be the value of previous or actual
demand at period ; and ?t+1 is the forecast demand during period ;. The parameter N denotes the number of
periods which should be less than ., [13,22].

17t+1 = —Z?LIYt_Hl (2)

N

e Simple exponential smoothing

The exponential smoothing is useful to estimate the demand if the historical data follow the base level. Let a
be a smoothing constant that satisfies 0< o < 1. The value of ¥; denotes the previous forecast demand during
period . Y; is defined as actual demand during period ;. The notation Y, represents forecast demand during
period ;.

Ver =l + (1 - )Y, 3

e Holt-Winters forecasting method

The Holt-Winters method is adopted if the historical data have the trend and seasonality. Generally, the
models consist of level factor (L,), trend factor (b,), seasonality factor (S,) and forecast daily demand (¥,,,).

There are two computation types that can be used in Holt-Winters methods including multiplicative and additive
[2,13]. The formulations of multiplicative Holt-Winters method are shown below.

L= a%t_s + (1= @)(Leey + be_y) (4)
by = B(L¢—Li—1) + (1 — B)be—q (5)
Se=v5, + (1=P)Ses (6)
Viem = (L + bym)Si_gymt =ssm =1, a,8,y € (0,1) (7)
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Where m denotes the number of forecast ahead, s represents the length of seasonality andY; defines the
observed demand during period . In the Holt-Winters method, the three smoothing parameters are used i.e.,
associated with level, § associated with trend and y associated the seasonality. The equation (4) denotes the level
of time series at period t by dividing Y; with the seasonal indices (Sis). The equation (5) represents the trend (b)
among L.that is adopted from Holt’s method. Seasonality factor is computed by using equation (6) which is
generally following the exponential smoothing method. The forecast daily demands are estimated by computing
equation (7). Furthermore, the both Holt-Winters methods can also be applied to the data series that have no
trend by eliminating trend factor [13]. There are four different Holt-Winters methods that are examined in this
research including multiplicative, additive, multiplicative without trend and additive without trend.

e ARIMA method

There are four stages procedure in the ARIMA model including identification, estimation, evaluation and
prediction [23]. In the practice, the data series must be the stationary data series to build the model. In the
identification step, the data series will be assessed to check the non-stationary data series, including trend and
seasonal pattern. The natural logarithmic and differencing may be transformed to data series in order to stabilize
the variance and mean [1,23,24]. The autocorrelation function (ACF) and partial autocorrelation function (PACF)
are analyzed and plotted in order to identify the degree of differencing. The second step in identifying the
stationarity of series is to use a statistic test to examine the unit root of dataset. Following to Washington et al.
[25], the well-known statistic test for unit root test is Augmented Dickey-Fuller (ADF) test. In the model
estimation, there are two main steps including ordinary least square and Akike Info Criterion (AIC). The
coefficients of model are determined by using the ordinary least square or linear regression method. Box et al.
[23] suggested compiling the maximum likelihoods. The residuals must satisfy the “white noise” requirements.
The white noise obligates the residuals are distributed normal and independent. In this step, Tsui et al., [24]
recommended to conduct the Box-Ljung test to ensure the residuals are independent. The last step is forecasting
process which can be used to predict the m-step ahead forecasts. For example, the ARIMA(1,1,1) model
structure is formulated below.

Ve =c+ 140V — 01V, + 016, + e (8)
Where Y, denotes the dependent variable or the actual demand at period t. The symbol @, represents the

coefficient of each lag (Yip) which also is defined as the finite set of weight parameter. Meanwhile, the e;
denotes the error term at period t. The notation 64 denote the coefficient of error at period g.

3.2.  Accuracy Measurements

There are several techniques to measure the results of forecasting technigques including Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE) and U-statistics (U-stat). The smallest number is suggested as
the best technique that can be applied to predict the future demand.

v
MAE = W (9)

Mean absolute error is the summation of absolute value of gaps between observed or actual demand (Y;) and
forecast demand (¥,) during period t divided by number of samples (N). The next accuracy measurement is mean
absolute percentage error.

1 Y-,
MAPE = ﬁzfg’:l |100 th L

|% (10)

MAPE compares the value of errors with the forecasted daily demand in order to get the percentage of error.
In addition, Theil’s U-statistics is often calculated to measure the forecasting accuracy.

n-1 17t+1—1’t+1)2

t=1 Y

2?2—11 Yt+1_yt)2
Ye

U — Stat = (11)
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Where U-statistics is computed through observed or actual daily demand (Y; andY;,,) and forecasted daily
demand (Y,,,). For U-statistics, the value less than 1 indicates the more accurate forecasting results.

4. Results and Discussion

4.1. Case Study

Home Furnishing Company outsourced the home furniture delivery and assembly service (HFDAS) to a
logistic provider in Bangkok and Jakarta. HFDAS Bangkok has more experiences for serving the customers
because they have been launched since 2011. However, the HFDAS Jakarta has been launched since 2014. There
are many variants of product sizes that are vended at Home Furnishing Company. Mostly, the customers bring
products back home by using their own private cars with its limited space, especially for small product size.
Hence, Home Furnishing Company outsourced a third party logistic (3PL) to serve the customers whom
consider to deliver their big size products, so-called home furniture delivery and assembly service (HFDAS).
The daily demand is required to be forecasted in order to prepare the operational of warehouse and transportation
activities. The data from the customer relationship management during January 2015 to July 2016 have been
collected from HFDAS providers in Jakarta and Bangkok.

4.2. Time Series Analysis

The HFDAS Bangkok can serve in average 134 customers per day. However, the HFDAS Jakarta received
47 customers per day during 2015. This number influences the warehouse capacity and number of trucks. The
daily demand of both HFDAS are analyzed by comparing the patterns of demand during January to December in
2015. Table 1 summarizes the descriptive statistics on the daily demand, volume of orders and weight of orders.

TABLE I: Descriptive Statistics of Samples, 2015

Statistics Bangkok _ Jakarta _
Demand (customers) Volume (m®) | Weight (kg) | Demand (customers) | Volume (m®) | Weight (kg)
Minimum 30.00 18.53 2,067.84 9.00 5.83 1,350.52
Maximum 472.00 280.06 63,766.51 134.00 137.00 20,246.36
Mean 134.45 95.89 22,299.77 47.86 28.93 7,419.77
Median 103.00 84.26 19,709.44 33.50 19.63 5,907.60
Std. deviation | 60.80 39.21 8,991.03 904.70 547.14 140,250.77

¢ Modelling data

Training dataset is utilized for method learning. Whilst, to examine the time series forecasting ability, the
testing data set are prepared. The actual daily demand were collected during January 2015-May 2016 (n = 512)
as the training dataset to forecast the future demand. Therefore, the testing data use the actual daily demand
during June 1st-July 31st 2016 (n = 61). Finally, the forecast demands are distinguished based on two horizons;
i.e., short-term and long-term forecasting. In terms of short-term forecasting horizon, the forecast daily demand
(Y,+m) One day (m=1) ahead is calculated for each forecasting method. Meanwhile, the forecast demand seven
days ( m=7) ahead are computed in case of long-term forecasting horizon. Particularly, the alpha, beta, and
gamma in Holt-Winters method are obtained by using the Microsoft Excel’s solver. The value of parameters is
shown in Table 2.

TABLE Il: Summary of Parameters

. Parameters
No | Forecasting method Jakara Bangkok
1 Naive forecasting method - -
2 Moving average method (N=8) (N=8)
3 Simple exponential smoothing (0. =10.04) (0=0.113)
4 | Multiplicative Holt-Winters (s=7,a=0.069, B=0.041,y=0.364) | (s=7,a=0.158,p=0.03,y=0.384)
5 {\rllet:]I(tjlpllcatlve Holt-Winters  without (s=7, a=0.006,v=0357) (s=7,a=0001,7=0372)
6 | Additive Holt-Winters (s=7,0=0.094,3=0.12,y=0376) | (s=7 0=0224, p=0.074,y =0.389)
7 Additive Holt-Winters without trend (s=7,a=0.036,y=0.352) (s=7,a=0.067, y=0.386)
8 | ARIMA ARIMA(1,0,1)(1,0,1) ARIMA(4,1,2)(2,0,2);
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The characteristics of series can also be seen by investigating the parameters in Holt-Winters method. The
seasonal factor dominates the patterns of demand based on the gamma more than 0.3 or 30% from the previous
actual demand. Moreover, HFDAS Jakarta and Bangkok derives the smallest errors when applies ARIMA. The
comparison of accuracy measurement for both HFDAS Jakarta and Bangkok is shown in Table 3.

TABLE Il1: Comparison of the Training Dataset Accuracy Measurements

No | Forecasting method Jakarta Bangkok
MAE MAPE U-STAT | MAE MAPE U-STAT

1 Naive forecasting 23.025 58.13% 1 45.250 36.15% 1

2 Moving average 24.158 59.34% | 0.838 48.358 37.82% 0.826

3 Simple exponential smoothing 25.318 63.71% | 0.921 51.847 41.19% 0.878

4 Multiplicative Holt-Winters 13.309 31.53% | 0.733 30.635 23.09% 0.678

5 Multiplicative Holt-Winters without trend 12.359 30.14% | 0.703 28.594 21.97% 0.679

6 | Additive Holt-Winters 13.401 33.36% | 0.746 30.681 24.20% 0.694

7 | Additive Holt-Winters without trend 12.292 29.85% | 0.702 28.325 21.79% 0.662

8 ARIMA 12.207 30.25% | 0.455 26.55 20.93% 0.632

e Forecasting results

For short-term forecasting, the one day ahead (Ys154+m, M = 1) forecast daily demand was compared to the
actual daily demand on June 1*-July 31%, 2016 (n=61). Principally, the short-term approach is updated every day
after one-day operation. For example, the training dataset is added from 512 days to be 513 days after operation
on June 1%, 2016. Table 4 shows the short-term accuracy measurements comparison.

TABLE IV: Comparison of the Short-Term Forecasting Accuracy Measurements (m=1)

No Forecasting method Jakarta Bangkok
MAE MAPE U-STAT MAE MAPE U-STAT

1 Naive forecasting 22.639 47.53% 1 43.918 29.64% 1.000
2 Moving average 24.456 49.13% 0.841 50.074 32.28% 0.923
3 Simple exponential 23.940 46.48% 0.853 52.576 33.52% 0.970
4 Multiplicative Holt-Winters 12.987 26.90% 0.506 23.353 15.24% 0.480
5 t'r\gﬁ(';'p"cat"’e Holt-Winters  without |, gq¢ 25.87% | 0.501 20966 | 1342% | 0.444
6 Additive Holt-Winters 13.127 28.14% 0.528 24.168 16.24% 0.510
7 Additive Holt-Winters without trend 12.750 25.97% 0.497 21.740 14.08% 0.462
8 ARIMA 14.429 24.77% 0.466 25.59 15% 0.519

Table 4 showed that the Additive Holt-Winters without trend method provided the best results to estimate
the short-term daily demand in Jakarta. Meanwhile, the multiplicative Holt-Winters without trend method is
determined as the most accurate method in HFDAS Bangkok. For longer period like one week ahead, the data is
applied in order to examine the full period of seasonality (s=7). According to Table 5, it can be concluded that
Holt-Winters forecasting method is the best method to forecast the long-term daily demand (m = 7) for HFDAS
Jakarta and Bangkok. Finally, this research postulated the finding by Geurts and Kelly [11] that the Holt-Winters
method outperformed the ARIMA method in terms of forecasting for department stores sales.

TABLE V: Comparison of the Long-Term Forecasting Accuracy Measurements (m=7)

No Forecasting method Jakarta Bangkok
MAE MAPE U-STAT MAE MAPE U-STAT

1 Naive forecasting 25.361 38.70% 1.053 57.770 33.34% 1.216
2 Moving average 24.758 48.53% 0.865 50.676 31.59% 0.953
3 Simple exponential smoothing 24.720 37.62% 0.898 46.272 25.98% 0.926
4 Multiplicative Holt-Winters 13.699 28.57% 0.558 28.806 18.62% 0.609
5 Multiplicative Holt-Winters without trend 12.950 25.95% 0.504 20.982 13.43% 0.444
6 Additive Holt-Winters 14.180 32.00% 0.566 32.705 22.08% 0.689
7 Additive Holt-Winters without trend 13.021 26.61% 0.512 22.804 14.82% 0.486
8 ARIMA 31.082 60.30% 1.12 66.08 43% 1.394

e Comparison of static and dynamic forecasting
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In this paper, two results have been compared by involving the fixed and rolling parameters. The parameters
are obtained once by using training dataset (n=512 days) in terms of fixed parameters in Table 3; namely, static
forecasting. Meanwhile for dynamic forecasting, the parameters are updated regularly according to the length of
m-step ahead. Two months data during June-July 2016 from HFDAS Jakarta are used to compare the accuracy
measurements between static and dynamic forecasting. The comparison of static and dynamic forecasting in
Jakarta is shown in Table 6.

TABLE VI: Comparison of the Static and Dynamic Accuracy Measurements in Jakarta (m=1, n = 61 days)

. Static Dynamic
No Forecasting method MAE MAPE M),/AE MAPE
1 Multiplicative Holt-Winters 12.987 26.90% 12.87 25.89%
2 Additive Holt-Winters 13.127 28.14% 12.652 25.89%
3 ARIMA 22.260 36.98% 13.236 27.04%

Based on Table 6, the dynamic forecasting yields more accurate result than static forecasting. The main
reason is that the static forecasting is computed by using very old data. For instance, the parameters are obtained
by using 512 days data, then after one-day operation, the parameters are updated by using 513 days data. For
static forecasting, multiplicative Holt-Winters method has smallest MAE of 12.987. Meanwhile for dynamic
forecasting, Additive Holt-Winters obtains smallest MAE of 12,652. Hence, it can be concluded that dynamic
forecasting is recommended to predict the daily demand of HFDAS provider.

5. Conclusions

This paper portrays the daily demand forecasting for home furniture delivery and assembly service providers
in Jakarta and Bangkok. Several methods have been conducted in the time series data analysis. The time series
analysis of HFDAS providers were computed by naive method, moving average, simple exponential smoothing,
Holt-Winters and ARIMA forecasting methods. According to the datasets, several findings can be concluded.
First, the parameters of all methods were determined in order to select the most appropriate forecasting by using
training dataset. The patterns of actual demand were also analysed which generally showed the seasonality. The
greater demand will occur on the weekend. The second finding is that the demand patterns have been changed
from additive to multiplicative series. During January 2015-May 2016, the actual demand tends to have additive
series. Meanwhile, the testing dataset has the multiplicative series during June 1st-July 31st, 2016. For the third
finding, the smaller value of m in the m-step ahead yields the precise forecasting results. It was investigated by
using m-steps ahead comparison in testing dataset. For the fourth finding, the dynamic forecasting provides more
accurate forecasting as compared to static forecasting. The last finding is that the Holt-Winters method is
selected as the appropriate forecasting for both HFDAS Jakarta and Bangkok. Due to the orders will be delivered
within two days, it can be identified that the transportation activity is more active during weekday. This
condition perhaps could be considered as serious concern from the management’s perspective. By forecasting
the daily demand, the company can prepare the required additional workers, fleets and equipment more efficient
and effective. For the further research, if there are additional studies, it will be possible to discover more
problems when the new distribution centre is established. Finally, the impact of forecast demand can be analysed
deeper by proposing the strategies.
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