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Abstract

This paper aims to propose a neural network mateioiecasting the production time
series of eleven different industries in Brazil.e$h data were collected from IBGE
(Brazilian Institute of Geography and Statistidsiystly, we study different networks
topologies that have been implemented in the tileeain recent years, such as
perceptron, linear networks, multi-layer perceptr@viLP), probabilistic network,
Hopfield model, Kohonen model, time delay neuratwmek (TDNN), Elman and
Jordan Network, in addition to the backpropagatiand Levenberg-Marquadt
algorithms. Studying the behavior of these timeeseand the main characteristics of
the each network topology, we conclude that the WNDMth multi-layer perceptron is
the best to estimate the production time seriedenfen industrial segments. The neural
network was then applied considering two differsimategies of structural model. We
conclude that the neural network model proposed wefisctive for forecasting

production time series in these industries.

1. Introduction

Sales forecasting plays an important role in bissirsrategy. An effective sales
forecasting can help the companies to calculatgptbhduction costs and to determine
the sales price of the product (Kuo and Xue, 1998).

For Slack (1997), good forecasting systems arengakdor capacity planning,
but it is also crucial to comprehend the uncernjawit demand, because it allows to

judge the risks of the service level.



According to Werner and Ribeiro (2003), the stulfiae series forecasting is an
important activity, because it reveals market tegr@bntributes to strategic planning,
helps to solve more immediate problems, allowsttebenderstanding of the behavior
of individual customers and constitutes additios@lrce of information in supporting
decisions about investments and team size.

For Stevenson (2001), the best forecasting systemoi necessarily the most
accurate, and not the cheapest one. Actuallyfléats the best combination of accuracy
and cost.

Characteristics of the forecasting system, esgdgdialindustrial sectors, have a
flexible behavior and are dependent of numerougabkes, and often inherent to the
process. By providing a set of points that can’tédevant for conventional techniques,
the neural network models used has been commoatytaspredict time serious.

Artificial Neural Networks (ANN) are flexible strtres that can be applied to a
wide range of forecasting problems with a high degsf accuracy. However, the neural
networks need a large amount of historical dat@&ch the highest level of accuracy of
the results and have as the main advantage thiéyalfilmodeling nonlinear systems
(Khashei et al., 2008).

The neural networks can also be defined as compystems containing many
simple nonlinear units or nodes interconnectedifiks| The scope of this work is to
verify the effective application of this tool togaluction forecasting of the industrial
sector. The construction of networks and existiraglets for different activities will be
detail in this work.

Problem solving using Artificial Neural Networks W) is quite attractive,

whereas the way they are represented internallythiey network and the natural



parallelism inherent the ANN architecture creatke possibility of increasing the
performance over conventional models (Braga e2a0y7).

According to the same author, the ability of a aéuaetwork of learning through
a limited set of examples and then give coheremstwars to unknown data is a
demonstration that the ability of Neural Networkseg beyond mapping input and

output relations.

2. Methodology

The purpose of this study is to apply a neural ndtwnodel for forecasting
production time serious of the industrial segmemiere the variables are strongly
influenced by external factors and not scheduledijfferent areas of activities

For this analysis we collect real time series @eveh industry sectors, extracted
from the data of IBGE (Brazilian Institute of Geaghy and Statistics), presenting
different characteristics, cycles and behaviorsjcivrare: Pharmaceuticals, Mineral
Extraction, Manufacturing Industry, General Indysifextile Industry, Capital Goods,
Intermediate Goods, Consumer Goods, Durable Gobls)-Durable Goods and
Beverage Industry.

The initial data collected for each sector from thexiod of January 1975 to
September 2008 correspond to 405 points. Firstly,amalyzed the data behavior of
each sector and then different topologies of nemeavork were tested in order to find
the best one.

Through the auto-correlation function of each sagmwe determine the best

network structure compatible with a generic modekpnted, and then implementing an



algorithm for commercial use (consistent with tretadused), we propose a neural
network model to production forecasting using thatl&b software.
Using measures of forecast error in time seriedysisa we will justify the

effectiveness of the model proposed.

3. Neural Network Approach

According to Braga et. al. (2007), Artificial NeurBletworks are distributed
parallel systems consisting of simple processingisufartificial neurons) which
calculate certain mathematical functions (usuatiylimear) and are arranged in one or
more layers connected by a large number of cororegtusually one-way and with two
processing phases, including learning and use.

In a neural network, data are connected in thélagger and the processed results
are declared on the last node of output layer,dodiacovered by the modification of
the weights assigned to it.

According to Wray et. al. (1994), the analysis @&ural networks has three
primary advantages. The first one affirms thatdbeelopment of the network does not
require knowledge of their fundamental relationshigetween the input and output
variables. Secondly, its associative ability makes neural network more robust and
able to work with situations of data loss or unaty. The third advantage points that
the performance of neural networks is not affettgdhulticollinearity problems.

Neural network models can be distinguished by ckfie aspects as: their
architecture, propagation rule, learning rule, s/pé algorithms, number of layers and

their activation function.



The combination of architecture and neurodynamiefnds the paradigm of
neural network, and theoretically a network witredndden layer and enough hidden
neurons satisfies any continuous function (KaastichBoyd, 1996).

The fundamental classification of neural structwressiders the propagation rule
of the information received where the distinctienrelated to the feedback topology

(Feedforward and Recurrent) as presented in fijure

Figure 1 — Feedback topology of neural networks
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An important property of neural networks is theligbbf learning and improving
their performance by adjusting their parameterfie@aneural network training. The
training can be classified as supervised or unsiges.

The learning algorithms are a set of well-definedes for solving a neural
network problem. All knowledge is stored in the @gses, i.e. in the weights assigned
to the connections between neurons.

The activation function of a neural network is m@sgble for generating the
resulting output from the application of the weiglettors in the network input. Figure

2 shows the most common examples of activationtiomns.



Figure 2: Examples of activation functions
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One of the most important tools for training neuralworks to perform some task
is the use of an algorithm, in order to reducedher between the actual and desired
output. There are two types of algorithm commordgdifor time serious forecasting
which include backpropagation and Levenberg-Marguad

Several topologies of neural networks models weneebped from the original
model proposed by MacCulloch and Pitts (1943), sascRerceptron, Adaline (Adaptive
Linear Network), feedforward network as Multilayeerceptron (MLP), Bi-directional
Associative Memory (BAM), Adaptive Resonance The¢ART), Hopfield model,
Kohona model, and Time Delay Neural Network (TDNM)this work we use a Time

Delay Neural Network with Multilayer Percepton.

4. Model proposed

The historical data of each of the eleven segmsnitdied correspond to a period
of 405 months. To represent this model we usectchiigsitwo types of neural networks:
Time Delay Neural Network (TDNN) with Multilayer Reepton and Recurrent Neural
Network (RNN). The software used to design, impletmand simulate the neural

network model proposed was Matlab.



According to Braga et al. (2007), the performanoamparing TDNN and RNN is
very similar. RNN tends to be a little better, ltuts more difficult to implement and
train. One strategy is to start using the TDNN, amdy if its performance is not
acceptable, the RNN must be applied.

So, we choose to use the TDNN with multi-layer pptoon or feedforward,
whose inputs are samples of short time series septed by delay line, and the output

is the forecast for the next month as describdegare 3.

Figure 3 — Topology of a TDNN with Multilayer Pepteon
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The topology of the TDNN model consists of 13 irgpthiat covers a 12-month
period of seasonality and compares the last mantheoprevious period to the present
period. The hidden layer consistsroheurons estimated from a residue analysis which
are connected to a single output layer. All neulltaage an input connected to a constant
value called “bia”. The activation function of neus in the hidden layer is sigmoid and

in the output neuron is linear in order to genecateinuous values.



The amount of thirteen inputs was obtained emplyic#&/e realize that using less
inputs, the network loses efficiency in the abildly modeling the variations in data.
With more input, it becomes more difficult the tiamig process, because results in a
local minimum solution.

The model used presents a short-term memory thissstelevant past events, and
an associator that uses the memory contents teifglag predict new data. A model
with these two characteristics, according Makridakt al. (1998), is suitable for

processing patterns that vary over time.

5. Application and results analysis

5.1 Preliminary data analysis

Based on the calculation of the estimated autoetation function for time series
of all eleven segments, it was found that all sesteidied are non-stationary (red line in
figure 4). According to Pindyck and Rubinfeld (1994 stationary time series has an
autocorrelation function similar to a white noisgnal (blue line in figure 4) where the
correlation coefficient decreases rapidly okgreriods (represented by months in figure
4).

As shown in figure 4, the autocorrelation functioof all segments have a
different way, falling and fluctuating slowly ovgreriod k, as shown by red line in
figure 4. In addition, most of segments presenkpeavery 12 months, proving the

existence of seasonality annually.
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Figure 4 — Autocorrelation function of all segments
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Although the TDNN is able to work with non-statiopaseries and even with
seasonality, we adjust the data calculating theattan of time series values in intervals
of 12 months in order to eliminate seasonality &mahds of increase and decrease,

providing comparison between standardized timeeseas shown in Figure 5. Blue line



is the autocorrelation function of a white noisgnsil and red line is the autocorrelation

function of time series changed.

Figure 5 — Autocorrelation function of each segnuaitulated as the difference

between values in intervals of 12 months
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5.2 Strategies proposed for using the Time-Delay Neal Network

From the preliminary analysis, firstly we decidedapply the TDNN in the actual
data of industrial production {istrategy), and secondly the same topology on #te d
changed (¢ strategy). The type of training was supervisedjdeid into two parts:
training and simulation, both with input and outpata.

The algorithm used for training was the Levenberyddardt, requiring only 25
epochs (complete pass through all data) of trainm@chieve a good convergence.
Firstly, the total error was approximately 4,00@jng reduced to about 8 after 25

passages, as shown in figure 6.

Figure 6 — Learning curve of neural network considg25 epochs
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To define the number of neurons in the hidden |laye¢he network, we analyzed
residues of simulations ranging its value from 12f through a statistical test of

normality and an autocorrelation function, assuntivag all processes are stochastic.



As the pharmaceutical industry presented a comple¢¢ of common
characteristics to other segments, as shown imdiguwe selected it for normality tests
due to offer the best conditions of adaptabilitydth segments.

Considering the %1 strategy, the cases with the lowest variance efawerage of
the observations were found for 8 neurons (variaegeal to 7.64) and 5 neurons
(variance equal to 7.67). As the variance valuesewery similar, we chose the case
with fewer neurons in the hidden layer, i.e. 5 o@ast

In the 29 strategy, almost all cases presented distributiose to a normal curve,
although there were few residues approved in thmality test, but curiously normality
was achieved with the amount of 3 neurons (variaf@53).

Therefore, the final network structure in the fisttategy had 13 inputs, in order
to observe the seasonal behavior of the modelniogeof 12 months, 5 neurons in the
hidden layer and one neuron in the output layentified by N***as shown in figure

7.



Figure 7 — Structure of TDNN used in the first stggy
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As in the 39 strategy we eliminated the effect of seasonality,did 5 training
and simulations for each of the eleven segmentisidiothe number of inputs that could
vary from 13 to 3. In each processing, we analythednormality of the residuals and
calculated the mean square error (MSE) and meaiub®rror (MAE).

The results of the analysis for each segment waradardized and all the
information was consolidated from the definition afvariable penalty related to the
normality of the residuals and to errors found,oaging to figure 8. The best structure
for the 2° strategy with the lowest penalty factor has 4 tapand it is identified by

N*3 The structure of this network is presented infig9.



Figure 8 — Results of simulations to choose thebermof inputs of the neural network

for the second strategy

Performance of Neural Net Structure

[T
0%
088
~ 7% |

0ar {
Penalty \ / \ /
Factor 9%

s L\ /[ -
0g4
I
N
oo I

08

a = tansigin) a = purclinfn}
Activation Function /

Vi “"J
J =2 {'

X
Vi

)

Y

H.ﬂ

Input Layer Hidden Layer Output Layer

Unit Bia UnitBia



5.3 Analysis of two modeling strategies

Firstly, in both strategies we evaluate the segn@nmineral extraction for
presenting little seasonality and constant grovethwall as the pharmaceutical industry
for presenting an evident seasonality and slowewtlr. Furthermore, results of the
beverage industry will also be presented. Thessetbegments will give us a first idea

of the performance of the neural network model pseol.

Mineral Extraction Segment

According to figure 10, the first strategy appltedhe mineral extraction segment

is represented by the blue line (actual data),thadverlap represents the transformed

data (pink line). From the 395 to 405 months we @ the green line representing the

demand forecasting.

Figure 10 — Results of simulations of the minexdtaction segment
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Legend: blue line — actual data of tiestrategy
pink line — output the network frohetdata changed

green line — demand forecasting

Through the residues analysis (figure 11), we canthat the forecast is farther
from the actual data than the simulation data, ghothe model has shown a normal
distribution, with a large number of events arotimel average. The standard deviation
(o) of the residue is used to calculate uncertaintiébe estimated demand.

For the first forecast, we use the sameof the residue, and then to subsequent
forecasts, we use/l wherel is the number of periods forward. This calculatisn
based on the fact that the varianegsof each estimate add up, besides the residues are
uncorrelated in time (Oja, 1982).

The demand forecasting of the mineral extractiogmsnt comparing actual

demand values of the first strategy to the valsdisnated by the neural network is also

presented in figure 11.



Figure 11 — Probability distribution of the residugh = -0,0142 eo =2,8765 (left)

and demand forecasting of the mineral extractigmsmt using the*istrategy.
MSE=5,8403 e MAE=16,6178 (Right).
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Legend of the right chart: black line — actual daftéhe ' strategy

greerelin estimated values by the neural network

Table 1 shows the weights used to calculate the NDienerating the demand

forecasting for the mineral extraction segment.

Table 1 — Weights and Biases of TDNN'{N) in the £ strategy of the mineral

extraction segment

WEIGHTS (inputs) WEIGHT (hidden layer) Riases
Wil LR L LR LR L] L L]

-0,0017 -B,9300 -0, 4944 18,6078 1,7358 1265049 -0,6073 28,6883
000349 -6, 3551 0,6830 51,0023 -3,5346 0,8633 -125 13149
-0,0011 270324 01007 -10,2418 2, 2065 18,0697 8,47
0,0006 -3,5472 -2, 2646 18,6822 3,2288 -0,1158 -100, 9507
0,0000 -14,0444 02887 10,1820 -0,5146 -2 1206 -2,9383
-0,0008 29 2165 -0, 1688 7,2768 §,7214

00014 3,5420 -0, 35249 11,8190 -18,8722

-0,00mMm -19,3653 00,5940 -42.0550 58,8137

-0,00049 18,8064 -0,3146 -5 7108 1,6403

00008 -20,8188 0,716 261314 -4,56049

00014 -9 B160 1,3460 -G0,8501 48853

0,0020 3,8463 -1,0612 139632 -14,0026

0,003 23,9791 17118 -231733 -0,8097




In conclusion, we can see in figure 10 that thedasting (green line) is farther to
the actual data (blue line) than the simulatioradaink line). This shows a degree of
difficulty of the neural network in generalizingettbehavior of the data using the first
strategy. Although the neural network is able t@resent the characteristics of
seasonality, it can not follow the growing demakibreover, figure 10 shows that the
variation of the actual data compared to the fmtieg extrapolated the limits of
uncertainty, concluding that the neural network waable to represent this stochastic

process.

Pharmaceutical Segment

Similarly to mineral extraction segment, we wilkepent the same results for the
pharmaceutical segment. Figure 12 shows the simnfatesults for the pharmaceutical

sector. It can be easily seen the annual seasyclakc

Figure 12 — Simulations results for the pharmacalisegment
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Legend: blue line — actual data of tiestrategy
pink line — output the network frohetdata changed

green line — demand forecasting

Figure 13 shows the probability distribution of thesidue and actual demand
values of the first strategy compared to the vakstgnated by the neural network, both

for the pharmaceutical segment.

Figure 13 — Probability distribution of residue hwjz =0,0031 eo =7,8158 (left) and

Demand forecast of the pharmaceutical segment tisenff' strategy. MSE=5,8403 and

MAE=16,6178.
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Table 2 shows the weights used to calculate the NDié&nerating the demand

forecasting for the pharmaceutical segment.



Table 2 — Weights and Biases of TDNN'{N?) in the £' strategy of the

pharmaceutical segment

WEIGHTS (inputs) WEIGHT (hidden layer)

Biases
Wi LR Wi Wiy Wis Wy Ha Hy
9783993 -0,21502 -1,02725 -0,00474 4,89337 -0,02996 246,29189 85,591 663
-98,78128 -1,89744 -1,44104 0,00750 -7,05858 -0,42920 28589236
91,35870 -1,56001 527727 000387 723419 0573582 -19,46200
-4285439 1,31064 092957 -0,00191 -1,88410 62,19431 -1,48335
106,12335 0,46509 -5,49545 0,00z08 5,34686 -2,84345 [8,98586
-Ta 41247 0,10852 5,70046 -0,00247 -12,755871
-86,43458 -0,73637 -0,75436 000159 7,08479
-90,95014 -0,20782 0,04243 0,00063 -0,96218
3258869 0,76141 -1,47557 -0,001545 -1,31476
33434178 -1,85373 -4,25216 0,00069 2,13308
-89.57207 -1,88741 344475 -0,00014 -0,022649
-211,33687 -3,08803 1,737 56 000243 -0,13788
7138521 1,02377 -0981487 000888 -4,76130

As the neural network is trained considering a datawhose standard in time is
not repeated in the future, the second strategly wleks with differences in time,
instead of the original time series, presentedttebeesult. Thus, the second strategy

should present better results to other segments.

Beverage Industry

Applying the second strategy to the beverage imgushe seasonality effects
were eliminated calculating the differences betwdemand values in intervals of 12
months. The new series appears in figure 14, shgpwircloser approximation of the

transformed data (blue dashed line) and the neetalork adjusted (red solid line).



Figure 14 — Transformed data of the beverage ing(situe dashed line) and neural

network adjusted (red solid line).
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According to figure 14, the neural network modeiiaged a good approximation
of the behavior of the time series differences, dmabothing the signal peaks generated
from the actual data.

Making the signal recovery from the estimated défees in the simulation of the

neural network, we obtained the results shown guife 15.



Figure 15 - Results of simulations of the bevelnagestry adjusted from time series
differences.
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From figure 15, we can see that the model rougblipwed and described the
behavior of the real data. Moreover, the forecgstiesult (green) showed a better
generalization of the seasonal behavior and groivthe real data.

Figure 16 shows the probability distribution of tresidues and actual demand
values of the second strategy compared to the yasemated by the neural network,
both for the beverage industry. We concluded theatdistribution of residues follows a
normal curve with a 95% confidence level. The megquare error (MSE) was less than

2%, providing a good result for the model.



Figure 16 - Probability distribution of the residwgh 4= 0.0158 ando = 7.8261 (left)

and demand forecasting of the beverage segmeny trer?? strategy. MSE = 1.7104

and MAE = 4.8085 (right).
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Table 3 shows the weights and biases of the TDNRhén2“ strategy for the

beverage segment.

Table 3 — Weights and biases of TDNN{R?Y in the 29 strategy of the beverage

segme nt
WEIGHTS (inputs) WEIGHT (hidden layer) Biases
Wil Wia Wiz Wy Wy g Wy
0578 -000m 4 443 11910 01802 89,1854
4 7931 -0om3 -7 oddR -44 9571 01763
-B 3155 -0 0030 4 BE09 -0,7493 -2 B9

47802 00063 -1.2710

Extended results

Similarly to the procedures applied to segments noineral extractive,

pharmaceutical and beverage, we applied them ter sbgments. We verified that the



forecast model follows almost the same behavidhefactual data for the first strategy,
but with some difficulty in following the increase decrease of the data.

Applying the first strategy for all segments, it svéound that the greatest
differences were found in the segment of capitaldgo

The smallest error between the forecasting modelthe actual data occurred in
the segment of intermediate goods and non-duraladgy

The application of the second strategy was effecitiveach industrial segment.
Similarly to the first strategy, we applied testsrormality and auto-correlation of data.
The results proved absence of autocorrelationardistribution presented.

For all segments, we verify that the second styat®egs more successful for

demand forecasting, as shown by the values of MBEMAE errors in Table 4.

Table 4 — Comparison of MSE e MAE between the TDINIK™) in the £'strategy

and the TDNN (K37) in the 2° strategy

1a. Strategy (N”’ﬁ"j Za. Strategy (N‘”"j

SEGMENTS MSE MAE MSE MAE
Pharmaceutical 5,8-4':'3 1551?8 4,5258 12,2?51
Mineral Extration 2 pasa B, 7925 1,1954 38105
Processing Industry 2 B381 7 2603 15740 4 3921
Textil Industry 27127 B,5294 14719 4742
General Industry 25095 G997 15276 4 2792
Intermediate Goods 1 7803 5, 1607 12272 37342
Capital Goods 50579 17 906 4 9333 12 8R32
Consumable 28293 73447 14335 40253
Durable Goods 53309 152202 3 4348 00343
Non Durable Goods 2 4334 6 708 1,1670 3 5339

BeverageIndustry 4 166 105392 17104 4 A0B5




6. Conclusion

This paper proposed a neural network model forcistng the production time
series of eleven different industries in Brazil.eTime delay neural network (TDNN)
with multi-layer perceptron was the best to esteridle production time series of the
segments studied. The neural network model wasdpphed considering two different
strategies varying according to the number of is@und hidden layers.

In general, the model proposed was well adherenthéoprocess of demand
forecasting with better results in th& 8trategy adopted transforming the original data
and eliminating the effects of seasonality in inés of 12 months.

The first strategy, even using a more complex rneoetwork, was unable to
achieve the performance of thé®trategy that used a simpler neural network
processing the original data. The main reasonHisr result was the complexity of the
original non-stationary time series, with a mead &ariance dependent on time and
seasonality.

Using a simpler network and with transformed anariyestationary data, thé'®
strategy resulted in a greater potential for gdisatson, providing a more consistent
learning within a maximum variation of 1 standarevidtion, and confirming the
greater ability of the neural network to forecasttér demands.

Therefore, according to the results presented armiseobtained, we can prove
and validate the effective application of the neaetwork structure proposed for both
strategies, but with a better performance for #eoad strategy.

For future works, we suggest that new models agdrithms are tested in order

to find a better efficiency in the results presdnte
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