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CHAPTER I 

INTRODUCTION 

A forecast is an event that is going to happen in the future based on its present 

"surrounding events." Basically, forecasting assumes that future occurrences are based, at 

least, on presently observable or past events. Moreover, it assumes that some aspects of 

the past pattern will continue into the future. Past relationships can then be discovered 

through study and observation. 

Forecasting the future values of an observed time series is an important problem in 

many areas, including economics, production planing, safety, diagnostics, and signal 

processing. Over the last thirty years, many approaches to forecasting have been 

developed. A wide variety of different forecasting methods are thus available. However, 

it is important to realize that no single method is universally applicable. 

Neural networks are currently applied to wide range of applications, in addition to 

traditional areas such as pattern recognition and control systems. Its nonlinear learning and 

interpolative smoothening capabilities have proven superior to conventional methods in 

solving certain categories of problems, one of which is time series predictions. 

Applying neural networks to The problem of time series prediction has several 

advantages. Lapedes [ 13] showed that neural networks are capable of predicting the 

future values of time series by extracting knowledge from the past. They also found that 

neural networks gave much superior prediction of cet1ain types of non-linear dynamically 

systems compared to several conventional methods based on adaptive filtering and 

polynoqlial curve-fitting. [ ~ a. c-~~par~tive studies, Weigen [20] found that a 

backpropagation network produced more accurate results than the best ARMA model 

identified so far. Other studies have also concluded that the neurai networks perform as 

well as or better than the Box-Jenkins or conventional methods. 
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Neural networks have proven to be an alternative to traditional techniques for time 

series prediction tasks. However, time series prediction is a particularly challenging 

problem because simple neural network architectures are not well suited for patterns that 

vary over time. 

r ~~e ffi()~! <?<>mmoni~~ard ~~~~r~~ _are .s.t_a~i~, ~aving !10 internal t~me delays 

and responding to a particular input by immediately generating a specific output. : Static 

networks can respond to temporal patterns if the network inputs are delayed samples of 

the input signal. These networks, trained with standard back-propagation, have been used 

as adaptive filters for noise reduction and for chaotic time series prediction . 

. OneJimitation of static networks is their inability to respond to temporal patterns 
. . 

in the hidden node output. To respond to these patterns, the network must have delay 

elements within each of its layers. The benefit of internal delays were demonstrated in 

Waibel's article [18], where time delay neural networks (TDNN) performed a speech 

recognition task using fixed integral multiples of unit delays. The fixed delays allowed the 

networks to be trained efficiently with back -propagation by unfolding the temporal 

structure spatially and placing constraints on the duplicated weights . 
....--L We use time-delay neural networks (TDNN) to predict future values of time series 

,--· 

by extracting knowledge from the past.LThe objective of this work is set apart from 

previous neural network approaches for noise-free and computer-generated time series by 

focusing on noisy and economic data of limited record length. Observations of slaughter 

hog prices from January, 1965 to July, 1987 are used as representatives of the real world 

data. For the limited record length data, the problem of overfitting seriously decreases the 

performance of the network. The problem is overcome by using the cross-validation 

method. The details of this technique will be presented late~.Y e will first consider an 

overview of the classical approach to time series prediction. 
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1.1 Time Series 

A time series is a collection of observations made sequentially in time. Examples 

occur in a variety of fields, ranging from economics to engineering. Therefore, the 

method of time series analysis is a very important area. 

Traditionally, methods of time series analysis are mainly concerned with 

decomposing the variation in a series into four components: trend, seasonal variation, 

cycle, and irregular fluctuations (1]. All components will be described in more detail as 

follows. 

1.1.1 Trend 

Trend refers to the upward or downward movement that characterizes a time 

senes. Thus, trend reflects the long-term growth or decline in the time series. 

1.1.2 Cycle 

Cycle refers to recurring up and down movement around trend levels. These 

fluctuations can have a duration of anywhere from years or longer measured from peak to 

peak. 

1.1.3 Seasonal Variations 

Seasonal variations are periodic patterns in a time series that complete themselves 

within the period of calendar year and are then repeated on yearly basis. 

1.1.4 Irregular Fluctuations 
z_ 

Irregular fluctuations are erratic movement in a time series that follow no 

recognizable or regular pattern. Such movement represents what is" left over" in a time 

series after trend, cycle and seasonal variation have been moved. Irregular fluctuation can 

also be caused by error on the part of the time series analyst. 
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It should be point out that time series components do not usually occur alone: 

~- ---- -- ---~~;;occuran-rcmettter----.;___---They can occur in any combination or can occur all together. 
---··----··--...... - - -.. ·-·· ·~ ~·------ .. ·---··-·- ··· 

There are several objectives in analyzing a time series. One of them is the 

prediction. In the next section, the classical approach will be presented. 

1.2 Classical Time Series Prediction 

Time series prediction is the forecast of future values based on past values of a 

variable and/or past error with the objective to discover the pattern in the historical data 

series and to extrapolate the pattern into the future. There are a lot of classical 

approaches to analyze time series data. In this section, the prediction method may be 

broadly classified into three groups as follows. 

1.2.1 Subjective 

Forecasts can be made on a subjective basis using judgment, intuition and other 

relevant information. Method range widely from bold freehand extrapolation to the 

Delphi technique [ 1 ], in which a group of forecasters try to obtain a consensus forecast 

with controlled feedback of other analysts' prediction. Some subjective judgment is often 

used in a more statistical approach, for example to choose an appropriate model and 

perhaps make adjustment to the resulting forecasts. 

1.2.2 Multivariate 

Forecast of a given variable depends at least partly on values of one or more other 

factors. For example, sales forecasting may depend on stock and economic indices. There 

are many types of multivariate methods which may be used to predict time series. We 

present two methods. 
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1.2.2.1 Multiple regression 

This approach uses the multiple linear regression model, where the variable of 

interest, Y, is linearly related to one or more variables,(xl, x2 .. .. xn), which are called 

independent variables. Multiple regression models are widely used and sometimes work 

well. The regression model of a dependent variable, Y, on a set ofK independent 

variables, xl, x2, .... , xk is given by : 

Y= Po+ P1x1 + P2x2 + ........... + Pkxk + e 

where Po is theY-intercept of the regression and Pi, i = 1, ..... ,k is the slope of the 

regression surface . The model also includes three assumptions. First, the error term, E, is 

normally distributed with mean zero and stand deviation, cr. Second, each observation is 

independent of the error term. Third, Xi are independent of the error term and are fixed 

quantities. 

With the availability of computer program, it is easy to fit a multiple regression 

model and use it for prediction of time series. 

1.2.2.2 Econometric models 

Econometric models often assume that an economic system can be described, not 

by a single equation, but by a set of simultaneous equations. For example, wage rates 

depend not only on prices but also prices depend on wage rates. Economists distinguish 

between exogenous variables, which affect the system but are not themselves affected, and 

endogenous variables, which interact with each other. The simultaneous equation system 

involving k endogenous variables, {Yj}, and g exogenous variables, {Xi},may be written 

as follows: 
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Yi = Fi(Y 1 ,Y 2··········Yk,X 1 ,X2, ..... ,Xg) +error i=1,2,3, ..... ,k. 

These equations can be solved to give the reduced from of the system, namely 

Yi = Gi(X 1 , .... Xg) +error i = 1,2,3, .... ,k. 

Setting up the models is base on judgment, economic theory and empirical data. 

Therefore, creating models requires specialists in each field. 

1.2.3 Univariate 

Forecasts of a given variable are based on a model fitted only to past observations 

of the given time series. For example, X(k) depends only on X(k-1), X(k-2), ..... , X(k-T). 

Many methods, such as exponential smoothing, Holt-winters procedure and Box-Jenkins 

procedure exist for this approach. In this work, a neural network is used as a nonlinear 

version of an autoregressive model which is a univariate model. Therefore, the 

autoregressive model and some frequently used model will be presented. 

Typically, a model is set up associated with the type of stochastic process which 

belongs to a time series. Fundamentally, there are three major processes which are usually 

used in time series prediction. All three models will be described as below 

1.2.3.1 Moving Average Processes 

A process {Z(k)} is said to be a moving average process of order q if the 

z(k) = m + e(k) -e(k-1)- he(k-2)- ......... - jqe(k-q) 
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where { q>i } are constants and { e(k)} is a random process with mean zero and variance 

a2. 

and 

It can be shown from the model that 

E{z(k)} = 0, 

q 
Var(z(k)) = cr2 r cpi2 

i=O 

y(k) = Cov(z(t), z(t+k)) 

y(k) = 0 k > q 
q-k 

a2 r q>iq>i+k k= 0, 1, 2, .... , q 
i=O 

y(-k) k < 0. 

From above equation, y(k) and E{ z(k) }do not depend on t. Thus, the process described 

by a moving average model is always stationary. In addition, the autocovariance function 

is zero for any time difference greater than the order of the MA. This property of 

autocovariance can be used to identify the order of the MA model. 

1.2.3 .2 Autoregressive model (AR) 

A autoregressive model is the model that the current value ofthe time series, z(k), 

is expressed as function of, z(k-1 ), z(k-2), .... , z(k-p ), which are the previous values of 

the same time series. The autoregressive model of order p can be written by : 

z(k) = Jl + 4>1 z(k-1) + 4>2z(k-2) + .. .... ..... + 4>pz(k-p) + e(k). 
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The AR-model can be used to describe stationary and non-stationary processes. 

However, a non-stationary process leads to a complex equation for the identification of 

parameters. Thus, most of the identification techniques focus on the stationary AR 

process. In the same manner to the MA model, the partial autocorrelation function of a 

stationary AR process will tend to be zero, and the lag of partial autocorrelation that gives 

a zero value indicates the order of the AR model. 

1.2.3.3 Mixed Autoregressive-Moving average model (ARMA) 

Many time series cannot be described as a pure moving average or pure 

autoregressive model. The next logical step is to combine the two models to form an 

autoregressive moving average, ARMA, model. This model has two parameters, one for 

the order of the MA model and one for the order of the AR model. The autoregressive

moving average of order (p,q), ARMA(p,q), is written by : 

z(k) = ~ + <i>Iz(k-1) + <1>2z(k-2) + ... + <l>pz(k-p) + e(k)- <p1e(k-1)- <p2e(k-2)- .. - <pqe(k

q). 

As with AR model, necessary and sufficient conditions exist for insuring the 

stationary of an ARMA(p,q) model, requiring the independence of the e(k) term from the 

z(k). 

One modification to this model is the autoregressive-integrated-moving average 

ARIMA(p, d, q) model. Some non-stationary series become stationary when differenced. 

That is the series z(k) may not be stationary but the difference of the series might be. The 

parameter d in the model indicates the number of differences that are required to tum 

non-stationary series into stationary series. Since stationary series are easier to analyze, it 

is always desirable to transform non-stationary series into stationary series. The 
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differencing technique is the simplest of a class of transfonnations developed to make that 

conversion. 

1.3 Scope of this work 

The work presented here will investigate the time delay neural network properties 

for time series prediction. In the next chapter, we begin the first section with the general 

basic framework for nonlinear approach for time series prediction. This section also 

mentions about using neural network models as nonlinear models for time series 

prediction. The second section is the introduction of time delay neural network 

architecture. Besides, this section shows some suitable properties of time delay neural 

network for time series prediction. In the final section, the prediction experiment is 

conducted for slaughter hog price data. The results of the prediction using time delay 

neural network are compared with those of linear ARIMA-model. Finally, conclusions 

and some future works are presented. 
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CHAPTER II 

TIME SERIES PREDICTION USING TIME DELAY 

NEURAL NETWORK 

Most time-series prediction methods assume not only that all series are stationary 

but also that the appropriate model will be linear. Therefore, the observed series can be 

represented as a linear function of the present and past values of a random process. For 

example, the auto-regression (AR) model is a linear combination of past values of the 

series. A linear AR model can be described as 

T " 
y(k) = L a(n)y(k-n) + e(k) = y(k) + e(k) .... . (2.1) 

n=l 

The AR model predicts y(k) from the sum of weighted past values of the sequence. The 
A A 

estimate of y(k) is given by y(k). The error term derived by subtracting y(k) from y(k) is 

assumed to be a white noise. 

However, there are no reasons to conclude that a real process must be linear. 

There are various kinds of non-linear model that have been studied in recent years (e.g., 

Priestly, 1981; Newbold, 1984). One class ofthe non-linear model mentioned in this work 

is the neural network model which can be regarded as the non-linear extension of Auto 

regressive model. 

The idea of applying neural networks to time series is originally inspired by the 

method of delay coordinates and embedding dimension in dynamical systems [8]. In this 

method, the time series, y(k), is assumed to be generated from a multidimensional 

dynamical system, Y(k). To reconstruct the dynamics, the embedding dimension, d, must 
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be specified. Following the approach introduced by Packard and Tokens [5], the d

dimensional vectors can be written as 

Y(k) =( y(k), y(k-T), y(k-2T), ... , y(k-(d-l)T)) ...... (2.2), 

where k is the time for the kth data point and T is some fixed delay time. 

The time series is theoretically assumed to have an infinite sequence and no noise 

embedded in the data, and the choice ofT is assumed unimportant. Also d has to be 

greater than or equal to the dimension Do of the attractor so that the reconstruction is 

invertible~ i.e., points in the reconstructed phase space uniquely identify points in the 

original phase space. However, practically, the reconstruction is not invertible due to the 

noisy data. Whether the inversion of the reconstructed function is possible depends on the 

value of d and T. Thus, it is very critical to choose suitable values of d and T that will 

minimize the noninvertibility and the effects of the noise. 

The next step is to set the d-dimensional vector, Y(k), in the form of the nonlinear 

difference equation which is a functional relationship between the current state,Y(k), and 

the future state, Y (k+ 1 ), 

Y(k+T) = fT(Y(k)) . ... . (2.3) 

As mentioned in previous paragraph, the value ofT affects the prediction error. If 

T is chosen too large, then distant values in the time series are uncorrelated as a result of 

the noise. The objective of this work is to create the best one-step predictor. Therefore, 

T is set to equal 1. The equation can be rewritten as 

Y(k+l) = f1(Y(k)) . 

11 
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From the equation 2.4, to find the future value, Y(k+ 1), the function f1 (Y(k)) must 

be created. There are several approaches to approximate the function. For instance, a 

polynomial rational function is used to find the coefficients of the data set by using the 

least square error method. An alternative approach emphasized here is the neural network 

used as a function approximator, F(.) of f( .). The basic framework is shown in Figure 

2.1 and can be described as 

v (kl y(k + 1 I 

' y(kl ....... NEURAL NETWORK ' ~ / / 

y(k·l I 

. 

. 

. 
y(k·TI 

FIGURE 2.1: The basic framework of a neural network for time series prediction. 

1\ 

y(k) = y(k) + e(k) = F(y(k-1), y(k-2), ... , y(k-T)) + e(k). . .. .. . (2.5) 

The use of the neural network as a function approximator is inspired by the study 

of Hornik [22]. This paper showed that when a multilayer feed forward neural network is 

provided by sufficient hidden units and learning iteratives, the neural network using 

arbitrary squashing functions can approximate any function to any desired degree of 

accuracy. 
12 



To approximate a function, F(.), the neural network uses a backpropagation 

learning process. This constructs the function, F(.), based on the training patterns of data 

which consists of a current value and lagged values. The network is provided both input 

patterns and desired outputs. The learning algorithm tries to minimize a cost function, the 

sum squared error; e
2

(k) = (Y(k)- Y(k)l. The goal of the cost function minimization is 

to make the network response in the desired direction. This method is known as a 

equation-error adaptation or teacher-forcing adaptation. 

The approximated function, F(.), can also be viewed as a function of the current 

value and the past values at the input layer of synaptic weights. The learning process 

attempts to adjust synaptic weights in order to make the sum squared error as small as 

possible. Geman[6] showed that regression is an excellent estimator. Therefore, in the 

statistical sense, the best choice of the estimated function, F(.), is the regression ofy(k) on 

its past values; E[y(k)l y(k-1), y(k-2), ... , y(k-T)]. This statement can be shown as 

follows: 

Let x =a given set of past values ofy(k) 

Therefore, E[y(k) I y(k-1), y(k-2), ... , y(k-T)] = E[y(k) I x] 

E[(y-F(x))21 x] = E[((y-E[yl x]) + (E[yl x]- F(x)))21 x] 

= E[(y- E[yl x])21 x] + (E[yjx]- F(x))2 

+ 2E[(y- E[ylx])l x]* (E[yjx]- F(x)) 

= E[(y-E(ylx))21 x] + (E[yjx]- F(x))2 

+ 2(E[ylx] - E[[ylx]) * (E[ylx]- F(x))2 

= E[(y-E[ylx])2jx] + (E[ylx]- F(x))2 

~ E[(y- E[yjx])21 x]. 

This result is based on the assumption that the network is given enough training 
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samples, given enough training iteration and not stuck in local minima. The training 

algorithm still cannot guarantee to avoidance of local minima. Therefore, the adaptation 

will not necessarily reach the optimum for a given structure and training sequence. 

Many neural network architectures have been applied to solve the problem of time 

series prediction. Time delay neural network (TDNN) is used in this work. An overview 

of TDNN will be presented in the following section. 

2.1 Overview of time delay neural network 

Time delay neural network (TDNN) was proposed by Waible [18] to expand the 

hidden layer by adding multiple delay-lines. As shown in Figure 2.2 , this leads to a 

structure with 2-dimensional delay arrays. 

ts o 
/ \'<:·.J l G , ' ~ " . ....... "" 

,' ,'t' ...... --"'~~ ... 
,' -·~· .-·· '•':J• ', " Ou , ,• • ,r '•''-, ._ tput 

,' , ... ' •So ~ ~· ' ', ......... ; .. , 
I I .,J>.,); \ I : IJ_ ..... 

r~·····: :': ~ 
... .; \:·~~:::·:·:~.··~ ... ·" ~ ~n Unit Atray No.2 

,' , ,• •'. •. ·; • ..,. •• •.,. --~ Hidde 
I I 1 I \ \ • , "' 

1 I I I \ ·~~·,:..t-, II "", "', 

,' ,( ,' ', ... ~- :: ............... .. 

1 1 1 I , .. ,,,•'' \ \ \ I ',', 
,' ,': ,' ... ')t: ' \ ~· ......... .. 

' ' I"' ' I \ I _..~:) "'" "" 
I 1

1 .:..r '. t,,•'' \ I I ,.-- ""',',, 

_:~~-,.. \\ :f:···~ ······~ 
~ .- :~ I\ I 

I 1 \I I \ I •'' 

, ... ' ,' ,', ' .. ~ : \: ······ 
I I 1 1 \ tl I \1 ,.., 

, ... ' .. : ... "',,' :..... ~ ...... ,,, ·~ ~ 
,' ,•': ,' .-·· .. .... . ~ :._ .:.· : ,' ,•' .... \\ .. 

' '' , . \ \ \ I 1 
\ \ \ I I 

' ' ' ' ' 
'\'- '\ ,' : 

•' ., . •' ,, ' 
' ••,,,,,, tl I\ I 

~ 

Hidden Unit Array No. I 

----
----~ _ Weight 

x,x 
2 ···•· Input ····xM 

FIGURE 2.2: Time delay neural network 
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Successful TDNN 's application to phoneme recognition was published in [ 18]. 

Another application experiment was conducted where TDNN structure was adopted for 

isolated word recognition. The experiment showed that the TDNN gave the best 

performance over several methods. 

According to Waibel reported some of the properties of time delay neural network 

necessary for speech recognition. First, it must have enough interconnections among units 

in each of these layers. As a result, the network has the ability to learn complex decision 

surfaces. Second, the network can capture relationships among events in time. Lastly, 

since the network has a small number of weights, which reduces the number of free 

parameters of the network. All above properties of TDNN are also necessary for time 

series prediction. This is a basic motivation to apply time delay neural network to solve the 

prediction problem. 

2. 1. 1 Time delay architecture 

In traditional feed forward networks, the basic neuron computes the weighted sum 

of its inputs and passes this sum through a nonlinear function, usually a sigmoid function : 

x-1+1 = f( L w··lx-1) 
J i IJ 1 

I+ 1 x. 
J 

FIGURE 2.3: The basic neuron of a feed forward network 
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In TDNN, the basic neuron is modified by adding delay D1 through Dn as shown in Figure 

2.4 . Therefore, the basic neuron computes the weighted sum of its inputs and delays, and 

then passes this sum through a nonlinear function . 

X · 
j 

FIGURE 2.4: The basic neuron of time delay neural network 

With this structure which includes the delays in the network, TDNN has the ability 

to form the nonlinear difference equation, 

Y(k+ 1) = F(Y(k)) .... (2.6) 
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by using the d-dimensional vector, y(k), which consists of a current value and some past 

values in the range ofN delays of the sequence. This makes TDNN capable of capturing 

the feature of time series from training observation. 

A simple feed forward network with a current value and lagged values also can 

form the nonlinear difference equation. However, compared with the same size of both 

networks, TDNN forms the larger d-dimensional vector than that of feed forward network 

because TDNN has delays in an input layer as well as delays in hidden layers. In other 

words, TDNN creates shorter duration feature at the lower layer and longer duration 

features at the higher layer. This fact can obviously be shown by "unfolding" TDNN to a 

simple feed forward network [ 19]. 

Another alternative for the representation of TDNN is the use of a static neural 

network. The method is to remove all delays by expanding the network into a static 

neural network with some constraint on the weights. For example, Figure 2.5 shows the 

equivalent static network. The network consists of three layers with one output and one 

delay in both an input layer and hidden layers. Beginning with the hidden layer before the 

output layer, tap delays are removed from the layer. However, all lagged values in every 

delayed units still remain the same (Figure 2.5 b). Moving backward to the next layer, tap 

delays also are removed. In addition, some new units are created in the order to 

correspond to lagged units in previous layer. For example, in figure 2.5, y(k) can be 

written as 

therefore, y(k -1) is equal to 

y(k-1) = w 1x(k-1) + w2x(k-2) 

17 
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z(k) 

x(k-1) y(k-1) 

(A) 

x(k) y(k) 
w3 z(k) 

w2 8 
x(k-1) y(k-1) 

(B) 

FIGURE 2.5: A time delay neural network is transformed to an equivalent static 
network. 
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x(k) y(k) w3 z(k) 

x(k-1) 

x(k-2) 

(C) 

FIGURE 2.5(continued): A time delay neural network is transformed to an equivalent 
static network. 

As a result, a unit, x(k-2), is created (Figure 2.5 C). The transformation procedure 

continues backward until all delays are removed. 

According to Figure 2.5, the equivalent static network has more units and link 

than time delay neural network. The number of units and weights of the equivalent static 

network grows with the number of layers and delays ofTDNN. Therefore, the static 

network has redundancies in the weights. Thus, time delay neural network can be viewed 

as a compact representation of a static neural network. 

It should be noted that TDNN can approximate the function,F(.), by using less 

weight parameters than the static network. This helps TDNN relieve the suffer from bias 

and variance problems. The issue concerning the bias and variance dilemma of the 

network is presented in Geman [ 6] . 

19 



2. 1. 2 Learning in time delay neural network 

Learning process in TDNN still adopts the standard back-propagation algorithm. 

Basically, the standard back-propagation starts from applying an input pattern to the 

network. Then, all units are computed by using input values forwarded from the next 

lower layer. The output of the network is compared with the desired pattern. Then, the 

gradient of the current error function is computed. After that, the derivatives of the error 

are propagated back through the network. Then, the value of weights is adjusted, 

corresponding to the derivatives of the error in each unit, to decrease the error function. 

Since TDNN network has lagged units in hidden layers, some notations of the 

standard back-propagation algorithm are modified to the form of vector notation instead 

of scalar notation[19]. The algorithm can be shown as below: 

Let w1ij = [w1ijCO), ... w\j(T1)] be the weight vector for the unit "i" and its lagged 

value connecting to unit "j" in layer 1. Similarly, x\(k) = [X\(k), X
1
i(k-l), .. . ,X

1
i(k-T

1
)] is 

the vector of output values of unit "i" and its delayed value in layer "1" . The algorithm is 

to try to minimize the cost function, C. Typically, the cost function is defined as the 

squared error between the network output and the desired output, 

.... (2.9) 

The partial derivatives of the cost function with respect to the weights can be expanded to 

where 

ac
1 aw .. 
lJ 

T 
= r ac . 

k a s.l+I 
J 

a s.l+I(k) 
- J l aw .. 

lJ 

sl+I(k) = r .wlij xli(k). 
1 
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It is obvious that 

In addition, 

a c = ol.(k). a-s.l J 
J 

Therefore, Wijl is updated to minimize the cost function: 

wi/ (k+ 1) = wi/ (k)- 11 o/+ 1(k) xli(k). . .. (2.11) 

In order to get the new value of wij1, olj(k) must be calculated. The oLj(k) for an output 

unit "j" at time "k" is defined as 

where e(k) is the error at an output unit. For the hidden layer, olj(k) can be calculated as 

ol.(k} = a e2(k) 
1 a s.l 

J 

N1+1 
= L L a c . a s I+ 1(t) 

m=1 t a Sml+l as/(k) 

N1+1 
= !: 

m=1 
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but, 

Thus, 

Therefore, 

as 1+1(t) = 

a "Xjrtt(k) 
wljm(t-k) for 0<= t-k <= Tl 
0 otherwise. 

I Nl+1 T4k 
oil(k) = f(Slj(k)) L L oml+ 1(t) wljm(t-k) 

m=1 t=k 

I Nl+1 Tl 
= f(S1j(k)) L L oml+ 1(k+n) W~m(n) 

m=1 n=O 

I 1 Nl+ 1- 1 1 
= f(S j(k)) L Om+ 1(k) W jm(n), 

m=1 

The final algorithm can be summarized as below: 

l=L 
... (2.13) 

1 <= 1 <= L-1. 
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z(k) 

coupled weight 
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FIGURE 2.6: The equivalent static network shows the coupled weights 
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In another approach, TDNN is transformed to equivalent static network. Then, 

the static network uses the standard back-propagation learning algorithm with the 

constraint that all the weights in each frame shifted in time must be the same. Figure 2.6B 

which is the equivalent static network of Figure 2.6A shows the coupled weights that must 

be the same value. 

To use this method, a regular step of back-propagation is performed, and the error 

in the output layer is computed. Then, the error derivatives are calculated and propagated 

backward through the network. This process gives different error derivatives for all 

weights. In order to make the coupled weights have the same value, all correction values 

for corresponding weights are averaged and then the coupled weights are updated with 

this value. 

In TDNN, for each frame shifted in time, each collection of units is duplicated, 

therefore making all past values available at once. A constraint has to be added to the 

adaptive algorithm to keep the weights of a unit and the weight of its delay to be the same. 

This learning procedure can make TDNN achieve the desired learning behavior. 

2.2 Experiment Results of Hog Price Prediction 

The experiment is conducted on the slaughter hog price data which are included in 

Appendix A and are plotted in Figure 2.7. The data series is collected by the agricultural 

marketing service group from Jan, 1965 to July, 1987. The values of the hog prices are 

computed from the average cost per 100 pounds ofBarrons and Gilts at seven markets, 

which include Indianapolis, Kansas City, Omaha, National Stock Yards, Sioux City, South 

St. Joseph, and South St. Paul. The data is recorded in monthly basis and is composed of 

272 hog prices in total. 

According to Figure 2.7, the data has a trend, a strong seasonal component, and a 

non periodic characteristic. Moreover, like most of the real world data, it is embedded by 
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noise and has limited record length. All those characteristics make thee prediction task 

challenging 

SLAUGHTER HOG PRICE DATA 
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Since the data has only a few hundred points, this limits the generalization of the 

network. This fact was shown in Geman[6]. He illustrated that a neural network, which 

is a nonparametric model, requires large numbers of training data to construct the crude 

approximation of the regression function. For small training set, the trained neural 

network may be too dependent on the particular data points. Thus, the neural network 

cannot approximate a function well. 

Noise can cause the series to be less deterministic. This randomness of the series 

prevents the accuracy of the long-term prediction. Therefore, the time series is suitable 

only for short-term forecasting. 

Generally, there are two methods for short-term prediction. The first method, 

direct forecasting, uses a current value and/or some past values to predict directly a future 
25 



value. For example, y(k) is used to predict y(k+1) directly. The second method, iterative 

forecasting, predicts a future value of a specified time in the future by iteratively predicting 

the one-time step into the specified future time. For instance, y(k) is used to predict 

y(k+ 1) and then the process is repeated, using y(k+ 1) to predict y(k+2), and so on. 

Many dynamics system books show that in classical method prediction, iterative 

forecasting has superior performance to direct forecasting [5]. Thus, the proof will not be 

presented in this section. Although iterative forecasting by using neural network is not 

proven theoretically, many empirical studies have been shown that iterative forecasting 

gives better performance than direct forecasting. From all these reasons, iterative 

forecasting is used in this work. 

In iterative forecasting, a TDNN time delay neural network is set up for one-step 

prediction. The neural network uses a current value and some past values as an input 

pattern and the next value from the current value as a desired values. Then, once the best 

neural network model is set up, the model is used to iteratively predict several steps into 

the future. 

The performance of networks in measured by normalized sum squared error, given 

by 

N 
nSSE = L (targetk- predictionk)2 

k= l 

N 
L ( targetk- mean)2 

k=1 

N 1\ 

= _1_ L (xk - xki 
a2N k=1 

..... (2.14) 

1\ 

Xk,Xk are the actual value and the prediction value of sequence, respectively. a2 is the 
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estimated variance of the actual value sequence and N is the number of data points. The 

nSSE divided by N makes the measure independent of the size of the data. Besides, the 

normalization divided by s2 removes the dependence on the dynamic range of the data . 

The experiment uses the data from Jan, 1965 to July, 1985 which total248 points 

to train the time delay neural network. In addition, the 24-point data form August, 1985 

to July, 1986 are set aside to evaluate the network performance. The prediction results 

for this time series can be found in Table 2.1, Figure 2.8A, and Figure 2.9. 

Table 2.1: Normalized sum squared error, nSSE, for predictions of time delay 
neural network. 

Duration 

Training Set 

249-253 

249-260 

249-272 

Time Delay Neural Network 

Single-step Pred. 

nSSE 

0.0211 

0.0433 

0.0326 

0.0489 

Iterated Pred. 

nSSE 

0.3707 

0.4585 

0.7798 

This experiment data set is also used to fit to linear model in order to compare the 

results with those of TDNN. The data is transformed to the stationary data. Then, the 

auto correlation and the partial auto correlation are calculated. From the pattern of the 

autocorrelations and the partial auto correlation, the ARIMA (4,1,0)(0,1,1)12 is set up. 
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The results are presented in Table 2 ,figure 2.8B and figure 2.9. In this work. SAS/ETS 

software is used to construct ARIMA-model. The model parameters are included in 

Appendix B. 

Table 2.2: Normalized sum squared error. nSSE. for prediction of linear ARIMA-model 

Duration 

Training Set 

249-254 

249-260 

249-272 

AR.IM:A(4, 1, 0)(0, 1, 1)}2 

Single-step Pred. 

nSSE 

0.0482 

0.0473 

0.0164 

0.0214 

Iterated Pred. 

nSSE 

1.4604 

0.9485 

2.4193 

From the results of both models, TDNN and ARIMA, both models do not show 

significant difference in the performance for the single-step prediction. However, TDNN 

outperforms the ARIMA model for multistep prediction. From the result of multistep 

prediction, it can be seen that both models cannot predict very far into the future. The 

predicted values of both models cannot be used to be good estimates for actual values 

after about 10 iterations. The multistep prediction cannot be guaranteed for the 

preciseness because the training of TDNN and the parameter identification of the ARIMA 

model is based only on the single-step prediction. In the next section, details on network 

dimension. training. and testing will be presented. 
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2.2.1 Network dimension 

The appropriate dimension for the hog price prediction is determined by manual 

trial and error. However, some methods of classical time series model can used as a 

guideline for choosing an appropriate dimension. 

Since the input layer of TDNN has the same form with the auto regressive model, 

the number of AR- order may use as a guideline for the number of delay in the network. 

As shown in Figure 2.1 0, the mean square error (MSE) of single-step prediction on the 

training set shows negligible improvement for order great than 18. Therefore, the training 

experiment has been done for the network with the first layer around 18 delayed and a 

varying number of units in the hidden layers. In addition, the selection process tried to 

keep the size of the network as small as possible. As a result, the time delay neural 
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network with 15 delays for the input layer, 7 units and 1 0 delay -order for both hidden 

layers, and output is selected. 

w 
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FIGURE 2.10: Single step prediction error using linear AR model 

2.2.2 Training the network 

To train the network, the 248 data points are scaled into (0, 1). For this set of 

data, the data are divided by hundred. Furthermore, the data are classified into two sets : 

the training set, which has 200 patterns and the validation set, which has 15 points. The 

training set is used to determine the values of the weights. In addition, to avoid the overfit 

of the network, the validation set is used to monitor the network performance. The 

training process still continues if the prediction on the validation set improving. When the 

prediction stop the improvement, the training process ended. However, as shown in 

Figure 2.11, if the training process still continues after the end of the improvement in 

validation set, the network begins to fit the noise. 
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As mention in section 2.1.2, the TDNN trainings' algorithm requires more intensive 

computation than the conventional back propagation. A staged learning technique is used 

to speed up learning time. In this technique, two sub training sets are created the training 

Error 

The best point to stop training 

Number of iterations 

FIGURE 2.11 : Error on test set is used to decide when to terminate training. 

set. The first sub training set consists of 50 patterns, which are randomly chosen from the 

training set. The other sub training set has 100 patterns. At first, the first sub training set 

is used to train the network with the learning rate equal to 0.3 until the network 

converges. Once the convergence is achieved, the second sub training set repeats the 

same process. However, this time the learning rate of0.1 is used instead. Finally, the full 

training set is used to train the network. With this set, the rate is set to be 0. 0 1 to fine 

tune the weights. This step spend 45,000 epochs until the network reaches to the 

convergence. With the staged learning technique, the training process takes several days 

on a Sun Spare 4 system. 
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CHAPTER ill 

CONCLUSION 

The focus of this work is to investigate the properties of Time Delay neural 

network (TDNN) used as a time series predictor. As framework, a question is posed; how 

do Time Delay neural network compare to traditional mathematical model when applied to 

the problem of time series prediction? The question is answered in the work. However, 

answers to the question generate some a number of new questions. Some of the topics 

which will be pursued in the future are presented in this chapter. 

In this work, TDNN is shown that it has a desirable property related to the time 

series prediction. That is, TDNN can keep more past information, which is necessary for 

prediction problem, than a simple feed forward when compared with the same size of 

network. As an example, The TDNN can transform to a simple feed forward which has 

more unites than the original network. However, the TDNN needs a complex algorithm 

to train the network. As a result, the network consumes too much time for its training 

process. 

The TDNN presented here is used as a function approximator of the nonlinear 

autoregressive model; 

y(k)= f{y(k-1 ),y(k-2), ..... ,y(k-T)) + e(k). .. .... (3.1) 

However from the fact that ARMA and MA can be transformed to autoregressive model, 
' 

we see that the TDNN can applied to any time series. Since the network is used as a 

nonlinear autoregressive model, the training is based on only one-step prediction. 

Therefore, the accuracy of multi-step predictions can not be guaranteed. A new algorithm 

to train the network for multi-step prediction task is still a challenging topic. 
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Finally, the TDNN is used to predict hog prices. It is obvious that the TDNN 

shows better performance than the autoregressive model. Although effective techniques 

for learning exist, the appropriate size of the network is still detennined by trial and error. 

This is a time-consuming process. In addition, it rarely produces the network that is 

optimized for the application. The theoretical analysis and empirical studies related to this 

issue remain open research subjects. Although research is continuing on the further 

improvements, the TDNN is already a powerful model for use in time series prediction. 
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APPENDIX A 

SLAUGHTER HOG PRICE DATA 

The data series is collected by the agricultural marketing service group from Jan, 

1965 to July, 1987. The values ofthe hog prices are computed from the average cost per 

1 00 pounds of Barrons and Gilts at seven markets, which include Indianapolis, Kansas 

City, Omaha, National Stock Yards, Sioux City, South St. Joseph, and South St. Paul. 

Jan, 1965 ) 

16.06 17.01 16.98 17.63 20.29 23.38 24.27 

24.67 22.92 23 .36 24.33 28.07 27.93 27.80 

24.41 22.26 23 .16 24.72 25.09 25 .75 23 .16 

21.57 19.87 19.67 19.46 19.38 18.43 17.62 

21 .83 22.29 22.58 21.04 19.46 18.16 17.36 

17.29 18.31 19.41 19.07 19.00 18.88 20.43 

21.48 20.08 19.93 18.29 17.92 18.76 19.77 

20.41 20.69 20.38 23 .14 25.16 26.05 26.91 

25.94 25 .53 25.77 26.93 27.4 28.23 25.94 

24.02 23 .53 24.04 25 .13 22.12 20.35 17.91 

15.69 15.67 16.25 19.43 17.13 16.19 17.43 

18.38 19.84 19.05 18.91 19.8 19.39 20.98 

24.84 25.62 23.56 22.89 25.32 26.78 28.57 

28.86 29.1 28.09 27.79 30.78 32.54 36.23 

38.13 35.56 36.35 38.55 46.64 56.68 43.79 

42.12 40.97 39.79 40.59 39.73 34.88 30.52 

26.09 27.4 36.31 37.67 35.79 38.9 38.34 
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39.93 38.93 39.61 39.52 40.69 46.44 51.19 

57.17 58.10 61.23 58.52 49.74 48.33 48.40 

48.85 46.71 47.89 48.89 50.80 48.26 44.00 

39.39 32.66 32.05 38.05 39.52 40.18 37.53 

36.97 41.79 43 .86 45.76 44.38 41.4 40.83 

39.33 43.99 45.99 48.83 47.5 46.04 49.17 

48.31 46.78 48.77 50 52.23 48.36 49.57 

52.13 54.42 49.38 45.04 43 .79 40.29 38.73 

38.21 38.62 34.74 36.01 38.45 37.49 37.51 

33.94 28.86 29.5 35.17 43 .16 48.3 47.24 

48.15 46.38 44.8 41.42 42.43 39.54 39.79 

42.05 49.04 50.66 50.92 49.68 45 .62 42.20 

40.06 45.63 49.49 49.38 52.08 58.14 59.16 

59.83 63 .13 63 .01 56.94 53.94 53 .49 54.94 

56.78 57.27 50.94 47.5 47.02 45.71 45 .66 

49.35 45.7 41.38 38.79 46.37 49.91 46.31 

46.83 48.3 48.06 50.36 54.04 52.26 47.33 

44.5 48.34 50.12 49.06 48.98 43 .93 41.41 

42.17 45 .68 46.99 43 .5 40.38 44.09 44.14 

46.91 45 .48 43 .55 40.88 40.27 46.91 54.50 

60.99 63 .39 59.01 54.21 53.62 51.42 47.39 

48.73 48.22 51.85 55.58 61 .08 61.85 

) July, 1987 

38 



To 

Lag 

6 

12 

18 

24 

APPENDIX B 

HOG PRICES PREDICTION USING ARIMA 

ARIMA Procedure 

Name of variable= Y. 

Period(s) of Differencing= 1, 12. 

Mean ofworking series= -0.08051 

Standard deviation = 3.598886 

Number of observations = 23 5 

NOTE: The first 13 observations were eliminated by 

differencing. 

Autocorrelation Check for White Noise 

Chi Autocorrelations 

Square DF Prob 

22.36 6 0.001 0.247 0.026 0.145 0.018 -0.085 -0.060 

80.25 12 0.000 0.053 0.051 -0.130 0.019 0.089 -0.449 

127.11 18 0.000-0.302-0.151 -0.192-0.171-0.074 0.006 

142.19 24 0.000 0.012 0.030 0.209 0.078 -0.073 -0.041 
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ARIMA Estimation Optimization Summary 

Estimation Method: Unconditional Least Squares 

Parameters Estimated: 6 

Termination Criteria: Maximum Relative Change in Estimates 

Iteration Stopping Value: 0.001 

Criteria Value: 2.00007636 

Maximum Absolute Value of Gradient: 703.414123 

R-Square (Relative Change in Regression SSE) from Last Iteration 

Step: 0.99999998 

Objective Function: Sum of Squared Residuals 

Objective Function Value: 1406.88095 

Marquardt's Lambda Coefficient: 0.00001 

Numerical Derivative Perturbation Delta: 0.001 

Iterations: 13 

Unconditional Least Squares Estimation 

Approx. 

Parameter Estimate Std Error T Ratio Lag 

MU -0.02732 0.03156 -0.87 0 

MA1,1 0.99999 0.13227 7.56 12 

AR1,1 0.29405 0.06597 4.46 1 

AR1,2 -0.12946 0.06849 -1.89 2 

AR1,3 0.05674 0.06852 0.83 3 
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AR1,4 -0.06525 0.06632 -0.98 4 

Constant Estimate = -0.0230589 

Variance Estimate= 6.14358494 

Std Error Estimate= 2.47862562 

AIC = 1135.84745 

SBC = 1156.60496 

Number ofResiduals= 235 

Correlations of the Estimates 

Parameter MU MA1,l ARl, 1 AR1,2 AR1,3 AR1,4 

MU 1.000 -0.031 -0.028 -0.018 -0.018 -0.039 

MA1,1 -0.031 1.000 0.016 0.005 0.002 0.016 

AR1,1 -0.028 0.016 1.000 -0.263 0.124 -0.030 

AR1,2 -0.018 0.005 -0.263 1.000 -0.282 0.118 

AR1,3 -0.018 0.002 0.124 -0.282 1.000 -0.268 

AR1 ,4 -0.039 0.016 -0.030 0.118 -0.268 1.000 

Autocorrelation Check of Residuals 

To Chi Autocorrelations 

Lag Square DF Prob 

6 2.58 1 

12 15.56 7 

0.108 -0.020 -0.010 -0.003 -0.000 -0.055 -0.084 

0.029 0.051 0.055 -0.083 0.005 0.199 -0.014 
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18 41.75 13 

24 50.02 19 

30 57.22 25 

36 61.51 31 

42 75.36 37 

0.000 -0.198 -0.087 -0.184 -0.145 -0.042 0.027 

0.000 0.041 0.013 0.156 0.054 -0.002 -0.052 

0.000 -0.038 0.011 -0.100 -0.013 0.076 0.096 

0.001 0.042 0.064 -0.051 -0.001 -0.044 -0.071 

0.000 -0.003 -0.097 -0.011 0.091 0.076 0.158 

Model for variable Y 

Estimated Mean= -0.0273237 

Period(s) ofDifferencing = 1,12. 

Autoregressive Factors 

Factor 1: 1 - 0.29405 B**(l) + 0.12946 B**(2) 

- 0.056743 B**(3) + 0.065247 B**(4) 

Moving Average Factors 

Factor 1: 1 - 0.99999 B**(12) 
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