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ABSTRACT

Optimization technique is an important part in neural network modeling for obtaining the network weights.
The choosing a certain optimization method would influenced the prediction result. Many gradient based
optimization methods have been proposed. In this research, we applied the three optimization techniques
for obtaining the weights of Cascade Forward Neural Network (CEFNN), they were Levenberg-Marquardt,
Conjugate Gradient and Quasi Newton BFGS. In CFNN, there are direct connection between input layer
and output layer, beside the indirect connection via the hidden layer. The advantage is that this architecture
allows the nonlinear relationship between input layer and output layer by not disappear the linear
relationship between the two. The proposed model was applied in the time series data with the seasonal
pattern. The two data types were used to select the most appropriate optimization method for seasonal
series. The first type was the generated data from seasonal ARIMA model and the second was the rainfall
data of ZOM 145 at Jumantono Ngadirojo Wonogiri. After processing the proposed methods by using

Matlab routine we recommended to use the Levenberg Marquardt as the chosen one.
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1. INTRODUCTION

Time series data relating to season effects are
strongly influenced by climate change. Climatic and
weather forecasting technologies through a
stochastic approach such as time series and
regression models have grown quite rapidly, as the
circulation models are drawn up by the laws of
physics and expressed in terms of mathematical
equations that identify relationships between
various climate variables such as temperature, air
pressure, wind, and rain. The mainly growing
stochastic models were nonparametric models,
include neural network [1-5]. Predictive models
based on statistical approaches are continuously
developed to obtain model specifications
appropriate to the research location.

Neural network modeling has progressed rapidly
along with developments in the computing field.
Many studies have been conducted in various real
problem and also various types of data, including
for forecasting of time series data. Some studies
that use the neural network model for time series
prediction are [6-9]. Several studies have also been

conducted related to NN modeling for seasonal time
series. Cigizoglu et al. [10] conducted a comparison
of several NN models on rainfall data in Turkey
while Benmahdjouba [11] implemented the Feed
Forward Neural Network (FFNN) model for rain
forecast in Algeria. Some of the other studies are
[12-14]. The special class of the FFNN model is the
Cascade Forward Neural Network (CFNN). In this
class, there is a direct connection between the input
and output besides the indirect relationship through
the hidden layer [15-16]. Some studies related to
the CFNN model for time series are [17-21].
Comparisons of the two architectures, CFNN and
FFNN, also have been done [22-24]. Badde et al
[25] compared the prediction of compressive
strength of ready mix concrete whereas Al-Batah et
al [26] applied at the landslide occurence
prediction.

Most of the NN for time series modeling uses
conventional gradient-based optimization methods
to estimate the weights. Sapna et al. [27] has
implemented the Levenberg-Marquardt technique
as backpropagation learning algorithm for obtaining
the weights at the FFNN model. Al Bayati et al.
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[28] proposed a modified conjugate gradient
formula for backpropagation neural network
algorithm, whereas Apostolopoulou et al. [29] used
the BFGS method for neural network training
algorithm. With the intention of comparing some
gradient-based methods, in this study we used the
three of them for obtaining the optimal weights of
neural network, they were Conjugate Gradient,
Quasi Newton BFGS and Levenberg Marquardt.
Comparison of the effectiveness of each method
was observed by repeating the same procedure in
the same case. The statistics of mean and variance
were used to made the conclusion about the most
effective one. This is the main motivation of the
research objectives undertaken. In many previous
studies, the gradient-based optimization methods
have been applied to neural networks with the type
of FFNN. In this research, the Cascade Forward
Neural Network (CFNN) architecture was chosen.
The existence of a direct relationship between input
and output, in addition to the indirect relationship
through the hidden layer, becomes the basis for the
selection of this architecture. The proposed method
was applied in the both simulation and real problem
of seasonal data.

2. MATERIAL AND METHODS

2.1 Cascade Forward Neural Network

Cascade Forward Neural Network (CFNN)
is similar to Feed Forward Neural Network (FFNN)
but include a weight link between input layer and
output layer. The equations are formed from the
CFNN model can be written as follows:

xm Zh fafus o (Dhhaaf 8 (Zhy wfing) (O

where f is the activation function from the input
layer to the output layer and e is weight from the

input layer to the output layer. If a bias is added to
the input layer and the activation function of each
neuron in the hidden layer is f' then equation (1)
becomes:

5 m IR fudan 77 (e + TRy waf £ (uf + E R, sin]}(2)

In the CFNN model which is applied in
time series data, the neurons in the input layer are
the lags of time series X1, X¢2, ..., Xt-p, Whereas the
output is the current data x.. The architecture of
CFNN model in predicting time series is shown at
Fig. 1.

Input layer

Hidden layer

Output layer

Figure 1: Architecture of CENN for time series prediction
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The consequence is that the network weight to be
estimated increases as much as the neurons in the
input layer. Cascade Forward backpropagation
algorithm is also similar with Feed Forward
backpropagation. As with FFNN, backpropagation
algorithm on CFNN also consists of three stages:
feedforward of the input pattern, error counting and
weight adjustment. Error calculation process is
done after the feedforward stage. The updating of
network weights is done until no error occurs or
until iteration stops, according to the specified stop
criteria. In this section we briefly discuss the three
optimization methods used in this research.

2.2 Gradient Based Optimization Methods

As with FFNN, backpropagation algorithm
on CFNN also consists of three stages: feedforward
of the input pattern, error counting and weight
adjustment. As explained before, after the
feedforward stage the process continues with the
error calculation (the difference from the output to
the target). The next step is to update the weights
and do the recalculation. This step is done until no
error occurs or until iteration stops according to the
specified stop criteria. In this section we briefly
discuss the three gradient based optimization
methods for weighting adjustments of the CFNN
model, they are conjugate gradient, Quasi Newton
BFGS and Levenberg-Marquardt. The systematic
stages of each method for function optimization
have been explained by Chong and Zak [30].

2.2.1 Conjugate Gradient

Suppose that belonging to a weight vector
o of length s is the set of all network weights and
the objective function is g m :—'{}.‘f - E::’:' Defined

Q is the positive-definite matrix of size sxs where
QT = Q. Stages of the algorithm on Conjugate
Gradient optimization are described as follows:

1) Setk =0, select the initial point £
2) Calculate the gradient of the initial weight

fal _ e _ﬂ'F

E _ﬂ'ﬁ-“ _Ew-ﬁ_ﬁ‘?
&g gg

e U

If g© = 0 then stop, and it obtained the optimal
weight = £ Else, set d© = g©.
3) Calculate

e .
P B g da-
oy = ar'Ln:FrL 9{@'"‘ + EEE?'"'} = =TT g

4) Calculate fF**3 = @R + 5 d®

5) Calculate _gﬁ"'*':' =r:-':—”, if 3'-"_"1": m{ stop

and the optimal weight is @ "5
6) Calculate
_E';Firll o7 ?L;F';Fi‘
b= e
7) Calculate d**D = -g(") + g, 40
8) k =k+1; go to step 3

As in FFNN, the iteration process for
weight searching on CFNN is usually called the
epoch. Suppose that the maximum number of
permitted epochs is K, if the iteration termination
criterion has not been met until epoch k = K then
the iteration process will be stopped. On the
optimization problem of the general nonlinear
model, this algorithm will not always reach
convergent in n steps so that the direction vector is
re-initialized after a certain iteration and continued
until the termination criterion. In the nonlinear
model, matrix Q is a non-constant Hessian matrix
and evaluated on each iteration. To avoid
complicated calculations, elimination of Q is done
so that the algorithm depends only on the function
and the gradient value of each iteration. There are
several formulas for substituting the form of Qd(k)
with other forms, such as the Hestenes-Stiefel
formula, ie the form Qd(k) is replaced by
{g*** — g*1/ay. By this formula the 8, becomes:

fen 3T FRp 13 i
E.rr.-M.. IE'ML - E.rr.]
G 'R gl glRl]

By =
The obtaining of optimal weights is done in each
epoch.
2.2.2  Quasi Newton BFGS
Weight adjustment on the Quasi Newton
BFGS method (Broyden, Fletcher, Goldfarb and

Shanno) uses the basic concepts of the Newton
method, @ rE = yTh - gt where

ﬁ={%€f%€-’%€f%€=f= fllll'ﬂl.r=1l'|||n'f}n' isa

weight vector with length p, g™ is the weight
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vector of length p, g is the gradient vector and H is

the Hessian matrix which is the second derivative
of to ®. To avoid complex calculations, the Hessian
matrix is determined iteratively on each epoch by
giving initials at the beginning of the training. The
initial matrix chosen is a symmetric positive-
definite matrix with the size of g = g, in this case

the commonly used is the identity matrix, H = 1.
The stages of the optimization algorithm in the
Quasi Newton BFGS method are described as
follows.

1) Set k = 0, select the initial point £
2) Calculate the gradient of the initial weight
w . de e
# - ' - a mg T
= [e ' Zu®! |

If ¢ = 0 then stop, and it obtained the optimal
weight = ¥,
Else, set d© = -HO® = g©,
3) Calculate
Gp = ar‘sﬁr:‘:m E'Eﬁ:z':ﬁ't + ::ca?m}

T R
T T elTama ™
4) Calculate
R = gR 4 g d(K)
fRetd - B o _TheD
5) Calculate g™+ = —= T if g =

stop and the optimal weight is PR

6) Calculate g

ey Egiﬁ:f&_ﬂgiﬁ‘wiﬂxiﬁﬂxuﬁpf
=H.’;+‘ {1 + ﬂ_g-:r'é.'ﬂx'ﬁ‘ }ﬂxiﬁfﬂgi&
H:&g™ax R 4 [H. 3R 5 WY
SR G0

where:
SRl = R _ R
jg'.i'.' = ﬂ.'l""’-i.‘ - ﬂ.'!i-'.'
7) Calculate d(k+1) = -g(k+1) + a;d(k)
8) k=k+1; gotostep 3

As with the Conjugate Gradient method,
suppose that the maximum number of permissible
epochs is K. If the iteration termination criterion
has not been met up to epoch k = K then the
iteration process is stopped.

2.2.3 Levenberg-Marquardt
The basic step of the Levenberg-
Marquardt method is to determine the Hessian
matrix which contains all the second derivative
values of the error function e to the weight vector
w. To simplify the computation, the Hessian matrix
is converted to iterative approximation in each
iteration using the Jacobian matrix composed of the
first derivative of the error function e against each
weight component. The optimization steps with the
Levenberg-Marquardt method are described as
follows.
1) Set k = 0, select the initial point & and the
minimum error €(0).
2) Calculate el:ﬁ:z'iz'-'}. If glea™) = gi0) stop.

3) Calculate Jacobian Matrix [¥% = ﬁ: for r =
I,...,N.

4) Calculate Hessian Matrix j%& = _,r"'-':"f J+
with p is Marquardt parameter.

5) Calculate wupdate of the weight vector
S = =R R ),
6) Calculate the new weight vector

gt il = gt o R R
7) Calculate error at the new weight vector
ol +8)
8) Compare g g with gl @™ +4}
= If el w™) = gl@®+0), define g=rmxe
where T is a multiplier factor; go to step 4
= If alw®) o alm®+0), define g = mfr,
where ¢ is a multiplier factor, & = & + 1; go
to step 3

3. RESULTS AND DISCUSSION

In this session we describe the using of the
Cascade Forward Neural Network in predicting the
time series data, especially for series with a
seasonal pattern. The input variable was identified
based on the ACF and PACF plot. Overfitting and
underfitting of the input candidates also be done for
getting the optimal architecture. In each
architecture built, the hidden unit was chosen from
one until ten. The optimal architecture was selected
based on the minimum mean square error (MSE) of
the training process. We have repeated the process
for thirty times for getting the most stable result. It
showed by the least variance of the small MSE of
all of the experiment in one architecture. This
procedure resulting the optimal architecture and
repeated with the other optimization methods. The
comparison of the results been the reasoning of
choosing the best one.
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Figure 2: Flowchart of the proposed procedure
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The stages of the proposed procedure are
showed in Fig. 2 and described as follows:
1) Determine the lags as input based on the
characteristic of the series
2) fori=1to 10 # i = the number of hidden unit
for j =1 to 30 # j = the number of looping
Calculate the MSE
end
end
Calculate the mean and variance of MSE
3) Overfit and underfit
4) Back to stage 2
There are two data types observed in this research.
The first is the generatied data from Seasonal
ARIMA (SARIMA) model and the second is the
real case of the ten daily rainfall data from Season
Zone 36 of Central Java Province.

3.1 Application in the Data Generated from
Seasonal Model

In this part, we specified the
ARIMA(0,0,1)(0,0,1)!2 model with the length of
500. We divide the data into two parts. The 450
first data as training and the 50 remaining as
testing. Following the base model, the input
candidates used were lags 1, 12 and 13. As the
overfit technique we used lags 1-13 as alternatif
input, and chosen the best one based on the
minimum MSE of the training data. Processing was
done with the Levenberg-Marquardt, Conjugate
Gradient and BFGS optimization. As with the
proposed procedure, in each optimization method
and each specified architecture we repeat the
process 50 times. The statistics of MSE were
resulted and it be used as hint to select the best one.
The results shown are the best results of any
optimization method for a particular architecture.

Table 1 illustrates the summary of the
results. In this case, the network which the 1, 2, 12,
13 lags as input with the Conjugate Gradient
optimization method has got well out sample
prediction showed by the least mean of out sample
MSE. Moreover, this method also yield the most
stable result indicated by the minimum variances in
both in-sample and out sample prediction. The
resulting values are much smaller than two other
methods. This condition reinforces the notion that
the Conjugate Gradient method is the best choice
for the optimization method on the NN model in the
specified generated data. Meanwhile, Levenberg-
Marquardt method yield the minimum in-sample
prediction with the 1-13 lags as input. However, the
resulting value does not vary much with the two
other methods. Similarly, in almost all inputs tested
on the BFGS algorithm, the mean and variance of




Journal of Theoretical and Applied Information Technology
15" November 2018. Vol.96. No 21
© 2005 - ongoing JATIT & LLS

g

Cialill

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

the measured model's accuracy result in a poorer
value. Therefore, it can be concluded that
Conjugate Gradient optimization is the most

Table 1: Summary of CFNN processing with gradient-
based optimization for generated data.

recommended method to be chosen for the intended
data.

Optimization Input in-sample MSE out sample MSE
Method Lags mean | variance | mean | variance
1,12,13 7.6346 0.0087 5.5558 0.3210
Levenberg- ™\ 1 13714 4105 | 0.0083 | 42296 | 09217
Marquardt
1-13 4.0494 0.0556 5.0929 0.7644
1,12,13 7.8704 0.0019 5.3607 0.1101
Conjugate [ 1) 13 | 45889 | 00006 | 3.5302 | 0.0411
Gradient
1-13 4.4815 0.0048 3.9630 0.1462
1,12,13 7.7952 0.0065 5.5177 0.1336
BFGS 1,2,12,13 | 4.5334 0.0032 3.6661 0.1317
1-13 4.3716 0.0171 4.2063 0.1993
15 v v
Target
10 i R
! | M' If
5 - ‘\‘ ‘" | I “' ‘ -
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Figure 3: in-sample and out sample prediction and the actual of the simulation data
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The goodness of the proposed method also
can be seen from the plot in Fig. 3. The plot is the
result of running process of CFNN with Conjugate
Gradient optimization with 1, 2, 12, 13 lags as
input. It can be seen that the prediction (output)
result has approached the actual data (target)
succesfully. In the in-sample prediction, the
prediction has almost come close to its actual
perfectly. Whereas, the out sample prediction also
still can adhere the actual until many step ahead.

3.2 Application in the Rainfall Data

The data used in this research was the ten-
daily rainfall data in ZOM 145 of Jumantono
Ngadirojo Wonogiri, province of Central Java,
Indonesia from January 2012 to December 2016.
The length of data is 180 and it divided into two
part, the first 150 data as training and the 30

remaining as testing. Based on the plot of the series,
it can be determined that the candidates of input are
lags of 1, 2 and 18. By the overfitting, the
additional inputs are also included. In the first
alternative model, the lag of 17 is added and the
second alternative, the 1-18 lags are used as input.
Table 2 shown the statistics of the processing by
CFNN model by using the investigated input and
the overfit. As in the simulation data, in this part we
applied the proposed procedure with the three
gradient-based optimization methods. In each
optimization method, the various architectures also
have been developed for choosing the best one. The
unit hidden is chosen from one to ten to obtain the
least mean and variance of the in-sample and out
sample prediction. In table 2, the results shown are
the best results of any optimization method for a
particular architecture.

Table 2: Summary of CFNN processing with gradient-based optimization for rainfall data.

in-sample MSE out sample MSE
Optimization Input L
Method nput Lags mean var mean var
(x 10%) (x 10%) (x 10%) (x 10%)
1,2,18 3.380 22.252 4.507 408.894
Levenberg 1,2,17,18 3.113 30.449 4.180 537.842
Marquardt
1-18 2.328 57.102 3.876 2018.778
1,2,18 3.592 4.868 4.129 78.037
Conjugate 1,2,17,18 3319 9.901 3.705 127.143
Gradient
1-18 2.406 32.612 2.645 86.146
1,2,18 3.547 14.686 4.239 166.953
BFGS 1,2,17,18 3.300 12.351 3.804 139.998
1-18 2.340 50.337 2.571 186.139

The in-sample prediction resulting from
the CFNN model at the rainfall data showed the
similar results in the three optimization methods
with the same archiecture, that is the 1-18 input
lags. In each optimization method, this architecture
always given the least average of the MSE. The
results obtained from the architecture with these
inputs have a smaller MSE average than the others.
Similarly, the out sample prediction also yield
similar results especially for the Conjugate
Gradient and BFGS. But, the one important thing
for the mean value is the variance. Almost every
good average of MSE was followed by the great

variance. It shows that the prediction resulting is
not stable enough. Sometime the architecture
chosen has been processed by the certain
optimization method yield a good prediction but in
the other time is not. Now we have to look the
mean of the in-sample and out sample prediction
which has the least variance. The network
architecture of 1,2,18 input lags and Conjugate
Gradient optimization is one of the well choice. By
considering the parsimony principal and the
comparation with the other architecture, for the
appropriate series it can be recommended as the
chosen one.
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Figure 4: Plot of in-sample and out sample prediction of the rainfall data

Figure 4 is the processing result using the
1,2,18 input lags and the Conjugate Gradient
optimization. It can be seen that the prediction
(output) has the similar pattern with the actual
(target) in both in-sample and out sample data.
Generally, the seasonal pattern of the actual series
can be followed by the prediction. Many
observation points are close to each other with the
prediction, some of which coincide. In the out
sample prediction, the pattern of the actual data also
can be adhered by the output until the end of the
series. This reinforces the argument for choosing
the architecture.

In this research, the number of hidden unit
used is varies from 1 to 10 and each experiment
resulting a vary optimal number. It appropriate with
Zhang [31] that use the number of hidden nodes

varies from 2 to 14 with an increment of 2. The
simulation also given the erratic result. Therefore,
Zhang [31] stated that the number of input nodes or
the lagged observations used in the neural networks
is often a more important factor than the number of
hidden nodes. Related to the input, Zhang and Qi
[6] stated that neural network has a limited capacity
to deal with seasonality in time series, its clearly
indicate that neural network are not able to model
seasonality directly. Neural network with both
detrending and deseasonalize are able to
significantly outperform seasonal models in out-of-
sample forecasting. Optimization method used in
the experiment was Levenberg Marquardt. In this
research, we have not done decomposition of data
based on its components, either trend or
seasonality, but the resulting prediction of CFNN,
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the other class of neural network, has been good
enough. It is also interesting to do comparative
studies with the separation of its components first.
Correspondingly, Curry [12] as the advanced of
Zhang and Qi [6], stated that the longer our time
series becomes, the more we move to the limits of
the ‘universal approximation’ property.
Multiplicative models combining a time trend and a
set of seasonal dummies can be regarded as linear
combinations of sinusoidal functions with typical
terms t cos(t) and t sin(t), but it still need some
theoretical foundation to be established, with a
view to supporting empirical studies. As in Zhang
and Qi [6], the optimization method used in this
research was Levenberg Marquardt, the default of
the routine MATLAB toolbox. Curry [12] needs
120 hidden units of FFNN for getting better result,
but in the case the network still struggles after a
certain point. The interesting result of Curry [12] is
that the errors enter towards the end of the series
rather than at the beginning. It similar with the
result of this research, although with smaller
architecture. We can state that generally, there is no
guarantee that the bigger architecture gives the
better result. However, the comparison between
FFNN and CFNN still cannot be concluded and
requires a more in-depth study.

In Hedayat [17], the gradient descent
method with momentum weight/bias learning rule
has been used to train CFNN. The determination of
minimum number of necessary hidden units is
completely practical. Presently, the best method is
making an educated guess. Main criteria selected to
adjust the optimal architecture and the training set
parameters are the necessary epochs which are
needed to reach a desirable mean squared error for
learning process, and also average and maximum
relative errors for testing data gained after stopping
criteria are reached. The simulation studied show
that network training with a larger number of
hidden units takes more time. Training and testing
by a wide variety of learning rates of the gradient
descent method to qualify the parameters of the
considered CFNN is needed. In Narad [18], the
Levenberg Marquardt has been used for optimizing
CFNN but applied in other field and type of data.
Similar with this research, fast convergence with a
few epochs and time were needed for getting the
optimal weights.

4. CONCLUSION

In almost previous research, the experiments
done are usually only used a single optimization
technique. This paper presented a new approach of
selecting the network architecture and the best

gradient-based optimization for CFNN model at
time series data using the statistics of the model
accuracy criteria. The average and variance of the
mean square error resulting from repeating process
of the CFNN given the goodness illustration of
each optimization method. By using this approach,
the chosen technique will more appropriate to the
type of the series predicted. This is due to the
consideration of the stability of predicted results in
each experiment, instead of the results of a certain
experiment. It will be an interesting open problem
if we try to compare with the non-gradient-based
optimization techniques.
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