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I. Introduction

This paper presents an approach for time series prediction.For the solution of these problems, in
general, nothing more is assumed just the time series itself, and by using a nonlinear training algorithm
just a black-box model of the system could be trained. Decomposition of the problem may lead to a
better understandable model. The decomposition should create more time series, where one of them
is the trend and if the signal has periodicity than this decomposition can be done if frequency domain.
With these decomposition the other signals will be more and more periodic, however most of the noise
will be present in these high-frequency signal. This decomposition can be made in the frequency
domain, as selecting the trend, and the signals with different periodicity is relatively easy. With this
decomposition the problem is transformed and now the response of the nonlinear training algoritms
can be interpreted, so from a black-box model, we achived a solution which is closer to the grey-box
model.

This method is applied for a real time series prediction problem. The data contains the shipments of
a company. Since this company is present on the stock markets, at the end of every quarter in a year
they have to fulfill every order received in the given quarter. Because of the operations at the company,
high discounts on the price, there is a spike at the end of a quarter, which means this period of the year
are the most challenging to execute without delay in the shipments. This requires precaution at the
planning. The problem of this planning is addressed by this paper. Our goal is to predict as soon and
as precisely as possible the amount of shipments required tofulfill in a quarter.

There are different products, decomposed into releases andtype (base and extension). All of these
are the subject of the forecast, however in this paper only their aggregated value will be predicted.
This time series may give further help in the prediction process, since it may serve as input for the
prediction of its components, and it is more easier to predict, since the aggregated value is assumed to
have less noise then its components. An example for this is the life-cycle of a product. The different
products are introduced in different quarters, they are eliminated in different quarters, so the ratio of
shipment between the different products has a high diversity in time. This effect is averaged out due to
the aggregation, as the full amount of shipment remains quite the same. So this aggregated time series
may be assumed independent from the different products, andthe seasonal trend may be analyzed and
forecasted.

Figure 1: The raw data

The raw data can be seen on Fig. 1. The vertical dotted lines and the corresponding labels identifies
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the beginning of a quarter. On the last week of the quarters the spikes are conspicuous. It should be
noted that Q4 (4th quarter) has always a higher spike then other quarters.

The code was written almost entirely in R [1], and some code was written in Matlab for convenience.
The implementation of SVM was used from the R packagekernlab. For the identification of the
model order the Lipschitz-index [2] was calculated with theNNSYSID toolbox.

The paper is organized as follow Section II. describes the preparations made to the data, for the ease
of prediction. Section III. show an early version, where thetime series was decomposed into parts
and Section IV. introduces a different approach for the prediction. Finally Section V. summarizes the
results, and shows the remaining open questions.

II. Preparing data

The available data included 9 quarters of shipments. This period was plotted on Fig 1. At the beginning
the data was noisy. It contained bad values and NAs. Bad values means the columns slipped so the
values of thei-th column were in thei + 1-st column after some row, or the name of the customer
was wrong. The records of the data was in different Excel files, so they had to be merged. Because
these was not created at the same time and the products changed during the data gathering period the
columns and/or the name of the columns changed in the different files. For example every file used
a different format for timestamp (some example: 2009-01-10, 2009.01.10, 10/01/2009, 01102009,
20090110, 2009 1 10, etc.). Some of the records contained missing values. When it was possible these
missing values had to be replaced, and most of these could be done by using some simple rules.

The most challenging problem was the time. Since we had to predict for a quarter on a weekly basis,
we examined the number of weeks in the quarters and it was 13 or14. This difference corrupted the
periodicity in the data. The following table explains the problem in detail. Here week does not mean
full weeks, so if January 1 falls on Sunday it is the first week of the quarter. Problem occurs in those
cases when only there are only 13 weeks. This can be handled byadding a ”dummy” week preceding
to the quarters first week.

Table 1: Days and weeks of the quarters in a year
Month Days in month Days in quarters Weeks in quarters
January 31

90(91)
13 weeks if January 1 is on Monday or

Tuesday and it is not leap year, else there
are 14 weeks

February 28(29)
March 31
April 30

91
13 weeks if March 1 is on Monday, or it

is 14 weeks
May 31
June 30
July 31

91
13 weeks if July 1 is on Monday, or it is

14 weeks
August 31
September 30
October 31

92 14 weeksNovember 30
December 31

Before the predictor can be trained, the model order has to beselected. For this purpose, the
Lipschitz-index has been calculated. The results are on Fig. 2. The model order was in the range
of [2, 30]. Based on this plot two comments can be made. First, the periodicity of 14 week is easy to
recognize. Second, there are two possible choice for model order based on the plot, at 14 and at 56,
the first one means, the predictor uses only the last quarter of the time series, and the latter one means,
the predictor will use the data from the last 1 year. Both approach has its advanteges. The first one
requires shorter historical data for the generation of the training samples, however the same quarters
of the year are much more similar, then the adjacent quarters, so the latter one should indicate a better
generalization of the data, and a better prediction.
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Further model selection procedures was not applied, the time-lags used for the prediction were se-
lected with trial-and-error method.

III. Decomposition

The first experiments for the prediction was to decompose thetime series first. For this, filtering in the
frequency domain has been applied. First the spectrum of thetime series was calculated using Fourier-
transform. The result can be seen, on Fig. 3(a), using a logarithmic scale for the Y-axis. The partition
of the spectrum is made so that every spike in the spectrum will belong to a different part. These
filtered signals are transformed back to time domain, and theprediction is made on these signals. The
assumption is that these filtered signals are easier to predict. The low-pass filtered signal is on Fig. 3(b).
These signals are so simple they can be trained to neaural networks. In this case every filtered signal
was trained to a different MLP. The original time series can be reproduced with the sum of these
signals. The MLPs could learn every signal without error.

Figure 2: The value of the Lipschitz-index

The training samples could be learned perfectly by the neural networks, however there was a mistake
introduced in our model. For the generation of the filtered signals we used the test samples too, so the
test results could not be considered as a real measure of performance. The long-term prediction, when
the output of the MLPs used as input for the next time step, resulted in a very bad performance.
This is because of the Fourier-transform, when a new sample is attained the filtered signals has to be
recalculated and the spectrum changes, so the trained signals wil change as well.

(a) The absolute value of the frequency components (b) Low-pass filtered version of the time series

Figure 3: Decomposition of the time series
IV. Aggregation

Because of the bad performance of the previous approach a newmethod had to be applied. Again, the
main problem was the noise present in the time series, see Fig. 1. The possible solution was again the
aggregation. So the time series was tranformed, where for every week the corresponding value was the
total amount of shipments in the given quarter until the current week. The time series resulted after the
tranformation is on Fig. 4

This time series was predicted with an SVM [3]. The hyperparameters (generalizationC and toler-
anceǫ parameters) were selected again with trial-and-error method. The model order as it was stated
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in Section II., two choice of model order is appropriate, 14 and 56. Both are used for prediction in
the figure below, Fig. 5. In the first case[1..5, 10..14] time-lags and in the latter case[1..20, 40..56]
time-lags were used.

Figure 4: Aggregated time series
As it can be seen, in the first case when the model order was 14, the quarterly trend of the time series

could be learned by the SVM, however when the order was 56, notjust the quarterly but the yearly
trend could be learned, as well. This suggests to use the higher order model, because of the better
performance. There was not remarkable difference in time between the two version. The main problem
of the higher order model shows up at lower level prediction,where the forecast of the different types
is the goal. This is because the main trend at these time series changes faster, and for the first year, we
do not possess the necessary amount of data to even train, unlike in the case of the smaller order.

(a) Model order is 14 (b) Model order is 56

Figure 5: Performance of prediction. Black is the training data, red is response of the predictor for the
training samples and blue is the actual prediction

V. Conclusion and further work

The main conclusion of this paper is decomposition of time series is generally not a good choice, the
information hidden in the data may be lost by the decomposition. Another, not too novel conclusion
is, that the selection of regressor has a notable effect on the performance of the predictor.

Beside the achieved results several open question remains.Some of them is to improve the perfor-
mance of the predictor, by selecting other historical data as inputs for the predictor. Create forecast for
”lower level” prediction, i.e. predict less aggregated time series.
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