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Resumo

Redes Neurais vem sendo amplamente usado em uma variedade de areas. Uma
dessas 4reas € a previsdo de séries temporais. Neste trabalho, o modelo de rede neural
conhecido como perceptron multi-camada com algoritmo back-propagation foi utilizado para
previsdo de vazdo. Além disso, este problema ¢ também abordado utilizando-se modelos de
Box-Jenkins. Esta técnica € reconhecida como uma das mais adequadas para realizar
previsdes de dados sazonais. Este estudo utiliza dados de cinco postos de vazdo situados no
Rio Grande, sudeste do Brasil. A comparagdo do desempenho de ambas abordagens mostra as
vantagens do uso de redes neurais em relagdo aos modelos de Box-Jenkins.
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Abstract

Antificial neural networks have been widely used in a variety of areas. One of these areas is time series
forecasting. In this work, the neural network model known as multi-layer perceptron with the algorithm
back-propagation is utilized in inflow forecasting. Moreover, an effort is also made to use the Box-
Jenkins method which is commonly believed to perform very well with seasonal data. This analysis is
made for five streamflow stations of the Grande River in southeast of Brazil where data are employed.
Comparison of the performance of both approachs is then made showing the advantages of the neural
network approach in relation to the Box-Jenkins model.

L. Introduction

Planning and control of water resources systems have become increasingly important in recent
years. At the same time, attempts have also been made to increase the efficiency of existing reservoirs,
especially those with many purposes. All of them require the use of inflow forecasts. When one intends to
make usc of the water in an existing reservoir for planning work such as the long-term operation of
hydrothermal systems or the estimation of the irrigated areas of some crops in the coming year, long-term
forecasting are needed. Forecasting of seasonal streamflows is a particular example of a long-term
forecasting problem. In this case, forecasting with lead time ranging from one month to a year may be
required.

During the past two decades. extensive research has been devoted to developing methods to
analyze stochastic characteristics of hydrologic time series and to identifying, estimating, and testing the
goodness of fit to stochastic models. In a survey, Phien and Twu (1984) summarized various techniques
which are likely to be useful in seasonal streamflow forecasting. It is generally assumed that seasonal
series have periodic mean and the stationary autocorrelation function so that the time series is modeled by
seasonal models with constant parameters or by non-seasonal models after a suitable removal of the
seasonalities . On the other hand, scasonal streamflow series generally have periodic autocorrelation
function. As a result, the constant parameter models cannot be the best how sohowed Salas, Boes and
Smith (1982).

In this paper, a comparative analysis is madc to evaluate the performance of artificial ncural
networks versus the Box-Jenkins technique in inflow forecasting. Neural networks, in particular, multi
layer networks with back-propagation algorithm (Rumelhart, Hinton and Williams, 1986), have showed to
De an alicinative approach in time series forecacting (Tang  Almeida and Fishwick. 1991). because of
their ability to treat non-linearities.

Some works can be cited showing the efficiency of this model in forecasting tasks. For example,
French et al. (1992) have used a three-layer network to forecasting rainfall intensity fields in space and
time. The results indicated that the model used is capable of learning the complex relationship describing
the space-time evolution of rainfall. An application of a three-layer network to forecast runoff has also
been proposed by Zhu et al. (1993) in three different manners: an off-line prediction, an on-line prediction
and an interval prediction. They showed that performance of neural networks is rather promising in these



cases. Recently. a new procedure to identify parameters and structure of a three-layer network has b_een
proposed in Hsu. Gupta and Sorooshian (1995) as a viable and effective gl(emative 19 th.e ARMAX time
series approach for developing rainfall-runoff data simulation and forecasting models in situations that do
not require modeling of the internal structure of watershed. ' _

This paper is organized as follows. Firstly, the artificial ncural network approach is given in
section I1. Next. in section III. the Box-Jenkins model is presented. Scction I'V presents the comparisons
that underline the improvement in the accuracy obtained by both approaches: Multi-layer perceptron with
back-propagation algorithm and Box-Jenkins. Finally, in section V the conclusions and future work are
presented.

1L Neural Network

Artificial neural networks are motivated by biological nervous systems. Modern computers and
algorithmic computations are good at well-defined tasks. Biological brains, on the other hand, easily solve
speech and vision problems under a wide range of conditions - tasks that no digital computer has solved
adequately. This inadequacy has prompted researchers to study biological neural systems in an attempt to
design computational systems with brain-like capabilities.

Artificial neural networks have been studied for more than 40 years, beginning with the work of
McCulloch and Pitts (1943), Hebb (1949), Rosenblatt (1959), Widrow, Winter and Naxter (1960) and
others. More recent works by Hopfield (1982), Rumelhart et al. (1986), Sejnowski and Rosenberg (1987),
Feldman and Nallard (1982), Grossberg (1982), and others have led to a new resurgence of the field, due
in part to a larger analogy between artificial and biological neural networks. Numerous applications have
been investigated using artificial ncural networks. including signature recognition, signal processing,
control and optimization, time series. forecasting, classification analysis, and many other difficult pattern
recognition problems.

One of the most popular neural net paradigms is the fced-forward neural network and the
associated back-propagation training algorithm. In a feed-forward neural network, the neurons (i.e.,
processing units) are usually arranged in layers.

Multi-layer perceptrons [Figure 1] are feed-forward nets with one or more layers of nodes
between the input and output nodes. Since the development of the back-propagation learning procedure
proposed by Rumelhart, Hinton and Williams (1986), multi-layer perceptrons have attracted the interest of
many researchers.

Multi-layer networks can compute much more complicated functions than networks that lack
hidden units, but the learning is generally in the way of using the hidden units,

We have used this neural network model for inflow prediction because it has been widely used in
time scries forecasting tasks such as Tang, Almeida and Fishwik (1991) and Zandonade and Souza
(1993).

The input units simply pass on the input vector x. The units in the hidden layer and output layer
are processing units. Each processing unit has an activation function which is commonly chosen to be the
sigmoid function:

f, (x)=———]———
1

+e-ynd,- (21)

where y is a constant controlling the slope of the function. The input to a processing unit j is given by

nethZWini +0., (2.2)
i
where x;’s are the outputs from the previous layer, w; is the weight (connection strength) of the link
connecting unit i to j, and 6; the bias, which determines the location of the sigmoid function on the x axis.
A feed-forward ncural net works by training the network with known examples. A random
sampler (x,.y,) is drawn from the training set {(xpyp) 5 p=12,... P}, and x, is fed into the network
through the input layer. The network computes an output vector o, based on the last layer output. The

output vector o, is compared to the training target y,. A performance criterion function is the sum of the
squared error (SSE) function:



b | —

FoY =Y 2 (5 -0n)’ | @
P Pk

i index ¢ ¢ index for output units.
where p is the index for the pattern (example) and k the index .
P The error computed from the output layer is back-propagated through the network, and weights

(w;;) are modified according to their contribution to error function
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Figure 1 : Multi-layer network with 4 layers

For weight updating, we have used cquation (2.4) added to thc momentum term according to equation
(2.5):

Aw; (n+1)= nd o, +aAw; (n) Q2.5)

where n > 0 is the learning rate (step size) and o € [0, 1] is a constant called the momentum, which is
used to accelerate the weight updating process when the error gradient is small, and to dampen oscillation
when the error gradient changes sign in consecutive iterations.

A multi-layer perceptron can be composed of several layers. The universal approximation
thcorem Funahashi (1989) guarantees that a single hidden layer is sufficient to uniformly approximate any
continuous function with support in a unit hypercube. However, this theorem provides the number of
layers necessary, that is equal to 1, but it does not provide the number of nodes in this layer.

According to Haykin (1994) a multi-layer perceptron consisting of two hidden layers can
approximate complex functions with less difficulty than one consisting of only one hidden layer. This is
because using a single layer the neurons therein tend to interact with each other globally. This interaction
makes it difficult to improve the approximation at one point without worsening it at another. On the other
hand, with two hidden layers, local data features are extracted in the first hidden layer whereas global data
features, in the second hidden layer (Funahashi. 1989). Specifically, some neurons in the first hidden layer
are used to partition the input space into regions and other neurons in that layer learn the local features
characterizing those regions.

A ncuron in the second hidden layer combines the outputs of neurons in the first hidden layer
opcrating on a particular region of the input space. and thereby lcarns the global fcatures for that region
and outputs zero elsewhere.



In this way. a network with two hidden layers has been tested. Furthemore, the parameters m, .OL
and an error tolerance € have also been varied. Numerical results about topology chose are showed in

section of results

IIL. The Seasonal Box-Jenkins Models

Before using the non-seasonal Box-Jenkins methods to perform s'easonal. stregmﬂqw data,' a
suitable removal of the seasonalitics is recommended because it leads to simpler 1denuﬁcatnon,.eas_1er
parameter estimation and simpler computation of forecast. For slreamﬂov\t data. the.us'e of standardlzatlon.
is recommended by Phien and Twu (1984). Let y, denote the streamflows in month j (=1,2,...,12) of year i
(i =1,2,..,T) with T being the length of record employed in the year. Let m; and s, be the sample mean

and standard deviation of flow in the month j respectively given by:

Ls 3.1

mf:-f':_zly'j ( . )

s, = ! é(y. -m,)* (3.2)
J (7‘_1)I=] 17 oy

Then such a time series obtained by sctting

m
z, === | (=12(—-D+j (3.3)

may be conveniently represented by non-seasonal models, where the time interval is equal to one month.
The most general form of a time series, known as the autoregressive integrated moving average (ARIMA)
model, can be written as Box and Jenkins (1976):

®(B)V? z, =0(B)a, (.4)

where B is a backward shift opcrator defined by B' z,=z,_,,0(B)=1- 6, B—..—¢,Bis an
autoregressive (AR) operator, vy =(1- B)d is a difference operator of order d to produce stationarity,

8(B)=1-6,B-...- Bqu is moving average (MA) operator. Usually d take the values 0, 1 or 2. The

above general form is commonly denoted as (p.d,q).

The model (3.4) is very general. In order to arrive at an appropriate selection, Box and Jenkins
(1976) suggested a three-stage procedure consisting of identification, estimation and diagnostic checking.
In the identification stage. a candidate model is selected. This means that a set of values of p,d,q is chosen.
There are various identification procedures, a review of which is made in Salas and Obeysekera (1982).
Morcover, the selected model at this stage is only tentative. One should not place too much emphasis on
such a selection. For simplicity. the autocorrelation function (ACF) and the partial autocorrelation
function (PACF) would bc sufficient. Once a tentative model has been selected, its paramelers are
estimated. The most desirable cstimates are provided by the method of maximum likelihood. Using the
form provided by Ansley (1979) and the general procedure described by Box and Jenkins (1976), the
paramcters of the selected models can be estimated. In the diagnostic checking stage, one needs to check if

the selected model is adequate. There are several tools which can be used for this purpose. In this paper
the following method was used:



1) The modificd portmantcaus statistic (Ljun and Box.1978). This statistic is computed as:

_ L r;(a) A 3.5)
U=N@+2) Z A

where 7, (a) is the autocorrelation of the residuals. and L has a value from 15 to 25 and (L<=N/4. N is
the data record size). This statistic will asymptotically follow a chi-square distribution with v =1 and p-g
degrees freedom. With a specified significance level a., the adequacy of the selected model is rejected if the

computed value of U is greater than Xi (v).
2) The Akaike Information Criterion (AIC) (Akaike, 1974). The simplified and most commonly used form
of the AIC is as follows:

»2
AIC=Nlogo., +2M (3.6)

where log denotes the natural logarithm and M=p-+q is the number of parameters involved in the models.
This criterion incorporates the parsimony criterion suggested by Box and Jenkins. to use a model with as
few parameters as possible, by penalizing the large number of parameters. When there are several
competing models to choose from, select the onc that gives the minimum value of the AIC.

3)The Bayesian Information Criterion (B/C) (Schwarz, 1978). The BIC can be expressed as follows:

BIC=Nlog3; +Mlog N (3.7

where M=p+q+1. According to this criterion. one selects the model which minimizes BIC. In this paper
the BIC is used as the decisive criterion. However, the 4/C and modified portmanteaus are also computed
in order to support the selection made by the BIC.

IV. Application of Models to Data

The most practical test to validate a model is to verify whether it performs well when applied to
real data. In this section we present a comparison between the Box-Jenkins and neural network models
when they are uscd to make forccasts for monthly streamflows in one year (12 months). All forecasts were
made in December of the previous years. This study was made for five streamflow stations of the Grande
River in southeast Brazil where data are emploved. The forecast in these streamflow stations is very
important information for operation planning of the hydrothermal system in that region. For each station
we choose a year of record to use for comparison between actual and forecast values, while all data prior to
that year are used in model-building. These stations are listed in Table 1, as well as the year randomly
chosen for comparison and the record size used for building the model.

Siation Year
Sa6 Simao 1967
Emborcacao 1974
Furnas 1976
Itumbiara 1987
Marimbondo 1976

Table 1. List of Streamflow Station



IV.1 Preliminary Data Analysis

Table 2 shows different topologics considered. whereas Table 3 shows different values taken for

the learning parameters.

Topology | Input layer | First hidden | Second hidden | Output layer
layer layer

Topology 1 12 24 24 12

Topology 2 12 50 24 12

Topology 3 12 100 50 12

Table 2 : Different topologies

n o Tolerance (g)
0.5 0.9 0.1/0.01/0.001
0.75 0.9 0.170.01/0.001

Tablc 3: Learning Paramcters Values

Based on the tests realized. Topology 3 with ;= 0.75 and € = 0.01 has been chosen because at
most of the cases its performance has been better than Topology 2 and Topology 1, considering different
variations for learning parameters n, «. More specifically, this is can be seen in Figure 2, that shows the
results obtained adopting the three differcnt topologies with the parameters fixed in these same values,
ie,n=075ande=0.01.

On the other hand. Figure 3 shows that considering the Topology 3, n = 0.75 and taking € = 0.1,
£ = 0.01 and £ = 0.001, and plotting the corresponding outputs of the network, the best forecasting is
obtained with € = (.01. This is due to overfitting or overlearning process that occurs in neural networks.

Furnas
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...................................... * topology2
o
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Figure 2. Performace of the topologies considering different learn parameters
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month

Figure 3 Forecasting with topology 3 considering different tolerance

In this stage. the mean and standard deviations of the flow in each month are computed. They
are collected in Table 4 for all the five stations employed. From these computed values, the seasonalities of
the monthly flows are obvious. Removal of seasonality is therefore achieved by standardization equation
(3.3). In order to check the normality of the resulting z, series, a normal probability plot was drawn and
the chi-square goodness of fit test was computed. Then the normality hypothesis was accepted at the 5%
significance level.

Station At

§ 2 2 4 & < 7 & 3 10 b3 $2
Sao Simao  (m)3¥42.2 43233 4324.2 3148.6 2041.4 15659 12299 9473  785.6 9985 15417 27059
(s)1296.5 1645.0 1722.6 1165.5 598.3 445.8 332.3 274.1 2407  327.1  501.0 1026.4

Emborcacao  (m) ¥11.4 8897 867.7 615.2 396.0 3834 238% 1841 153.6 2023 3425 613.2
(s) 316.1 358.9 373.5 241.7 125.6 90.6 69.7 56.9 48.8 68.5 142.6 272.4

Fumas (m)1601.3 16456 1500.2 976.2 714.0 5813 497.6 4132 4102 5125 7235 1186.4
(s) 665.2 692.3 637.3 305.1 2153 154.0 127.1 110.9  159.5 163.7 276.0 414.0

lItumbiara (m)2672.0 28629  2703.0 2020.9 1310.1 10082 7959 6240 536.0 690.2 11264 1889.0
(s) 949.1 1229.0 1111.9 7323 392.5 295.4 220.8 1826 1684 2303 458.2 701.2

Marimbondo  (m)2970.5 31545  2953.7 2012.7 1448.1 11625 963.8 802.0 763.2 9539 12724 20953
(s)1110.6 1252.6 1140.5 633.9 4006.3 2%3.3 231.0 1683 1948 303.1 4389 699.5

Table 4. Mean and Standard Deviations of Monthly Streamflows (m’/s) (month I=January, month
12=December, m=mean and s=standard deviation)

For each station. several candidates of non-seasonal models, ARIMA (p,d,q) were tested. Table
5 shows the computed valuc of the statistics (/. AIC and B/C for the models which are more likely to be
selected for each of the five stations. From this table the following models are selected:



Aiegded }i A B3
Sao Simao
(1.0.0) 26.21 -292.0 -283.9 *
(2,0.0) 24.43 -293.3 -281.1
(1,0,0) 24.07 -294.3 -282.2
(1.1.1) 18.95 -288.8 -276.6
(5,0,0) 18.02 -291.3 -266.9
Emborcacao
(1,0.0) 29.20 -325.6 -317.0 *
(1.0.1) 26.65 -325.8 -313.0
(1,1,1) 24.57 -316.9 -304.2
(2.0,0) 26.86 -325.5 -312.0
Furnas
(1,0,0) 31.15 -385.0 -377.0
(1.1,1) 17.19 -379.0 -370.0
2.0,0) 14.37 -399.0 -387.0 *
(1.0,1) 13.38 -391.0 -378.0
[tumbiara
(1.0.0) 25.94 -500.4 4974 *
(1,0, 21.64 -507.8 -494 3
(1.1.1) 13.20 -501.5 -487.9
(2.0.0) 22.41 -506.9 -493 .4
Marimbondo
(1.0.0) 23.33 -409.2 -400.6
(1,0,1) 13.27 -415.8 -402.9 *
(2,0,0) 14.40) -414.7 -401.8

Table 5. Computed Value of U, 4JC and PPC for ARIMA(p,d,q) models fitted for standardized data

Remarks. Here the modcls have been chosen based on PPC statistic. In Table 5, * indicates the models
that have been chosen. The modified portmanteaus static indicates that all the listed models (in Table 5)
are acceptable. It does not help in the selection of the best model..

IV.2 Comparison

In order to evaluate the performance of the two different approaches which are based
respectively on neural network and Box-Jenkins models, the results obtained for the five stations are
compared using the mean squared crror (AMSE). the mean absolute deviation (MAD), the mean relative
error (AMRE) and the maximum relative error (REmax) are also employed. These are defined as follows:

i 1 .2 R 2
MSE=—3%"(y,~3,)
1245
i -
MAD:—ZD),I _yijl
125
12 — v
MRE = 1002 Yy =5yl
12 =Yy
RE, . =max100x M(%)
Yy

4.1

4.2)

4.3)

(4.4)



From their computed values collected in Table 6. MRE and RE,,,, criteria consistently in.dicmc
that it would be better to usc back-propagation than the Box-Jenkins model with slandqrdizcd data. since a
single case has occurred in which the crror RE,,.. for the back-propflgation model is greatgr than that
provided by the Box-Jenkins technique, that is . Sao Simao station . This can also be seen in Figures 4-8.

Staticiies

MSE MAab FMRE{Y) Blemax (%)
Stting

Sao Simao (1) 13x10° 239.0 10.7 28.76
5 511.3 17.3 43.19

(2) 51x10
Emborcacao (1) 41x10* 161.9 35.7 108.40
@2) 52x10° 171.2 32.0 69.34
Furnas (1) 23x10° 411.6 38.0 84.70
@) 16x10° 327.7 31.2 76.67
Itumbiara (1) 13x10° 263.0 19.0 42.90
(2) 12x10° 254.7 20.2 40.86
Marimbondo (1) 78x10° 746.0 34.9 71.59
790.9 359 57.86

(2) 83x10°
Table 6 - Comparison of Forccasting for the Monthly Streamflows by Box-Jenkins Model and Neural
Network, where (1) denotes the results by Box-Jenkins Model and (2) by Back-propagation.

Moreover, a comparison of the two approaches is also made by plotting forecasting through both
approaches: Back-propagation and Box-Jenkins and actual flows, the relative error, on the same graphic
as can be seen in Figure 4 - 8. It can be noted that except for Sao Simao station (Figure 4), the neural
network presents a behavior better at the mean and maximum relative error than Box-Jenkins technique,
when the wets months occur.

V. Conclusions

In the present study. ncural nctwork and Box-Jenkins were used to forecast monthly
streamflows of the five stations on Grande River. In the first case, the back-propagation algorithm was
used and, in the second case. the data were transformed into a non-seasonal series and ARIMA(p,d.q)
models were employed. Although the mean square error has the same magnitude for both approaches, the
performance of neural network models is rccommended because they leads to small mean and maximum
percentual error, which is most important in reservoir system planning operation. On the other hand, in
the neural network approach we have a long training time whereas the fitting of Box-Jenkins models by
using minimal mean square criterion is very fast. This comparative analysis shows some common
features, such as, the choice of the best neural network topology with the investigation of the best Box-
Jenkins model. In both cases, the more knowledgement is available in these areas, the less time is spent in
the choice of the model. Furthemore, in both approaches, the addition of new data requires restarting the
training of data in the neural network case whercas, in the Box-Jenkins case. fitness and choice of a new

model are necessary. In relation to forecasting, the two techniques provide a straightforward scheme of
future values.



Sao Simao
~ back-propaqgation

40| + Box-genking

error %

Streamfiow (m3/s) / 9200

Sao Simao
" aclual
+ back-pro pagation
H Box-Jenkins

month

8

Figure 4. (a) - Mothly Reletive error. (b) - forecasting for Sao Simao station

10



error %

0.5

0,4

0,2

Sreamflow (m3/s)/2350

0.1

Emborcacao

—+ Box-Jenkins

~*- Back-Propagation

12

0.3

1 6 9 10 11
month
Emborcacao
~ actual
--------------------------------------------- -+ back-propagation
K Box-Jenkine

n

6

7

month

8

Figurc 5. (a) - Mothly Reletive crror. (b) - forecasting for Emborcacao station

11



100

Furnas

~* Back-Pro pagation
+ Box-Jsnkins

80

BOF - N e R
a®
§
= 40
o0 -
¢]
1 2 3 4 5 6 7 8 e 10 M 12
month
0.6
Furnas
~*- actual
0.53 g + back-propagation
8 K Box-Jankins
(=]
® 0.4
@
g
= 0.3
2
Q
&
& 0.2
43}
0.1
0

Month

Figure 6 . (a) - Mothly Relctive error. (b) - forecasting for Furnas station

12



ltumbiara
" back-propagation
....................................... +Box-Jenkins

error %

0.5
Itumbiara

= actual + back-propagation 7 Box-Jenkins
O emerorcmm e T T TR T T LSS ST T O e e

3

= \4\\
0.3 \K;_‘.‘;ﬂ-‘—%\. .......... c e ar e e e e m e e
N
.2 A YK e

01 ................................... . AR st S

Streamfiow (m3/s) / 6400

-
n
W
N

5 6 7 8 9 10 11 12
month

Figure 7. (a) - Mothly Reletive crror. (b) - Forecasting for ltumbiara station

13



Marimbondo

-~ back-propagation + Box~Jenkins

Streamflow (m3/s) / 6363
© o o
N w EN

o
—

Marimbondo
“-actual + back-propagation * Box-Jenkins

0.5

month

Figure 8 Mothly Reletive error. (b) - Forecasting for Marimbondo station

14



References

Akaike H., 1974. A new look at statistical model identification, IEEE Trans. Autom. Contr. AC-19, pp.
716-722.

Ansley, C.F., 1979. An algorithm for the exact likelihood of mixed autoregressive moving average
process, Biometrika, vol. 66, no. 1, pp. 59-65.

Box.G.E.P., Jenkins,G.M., 1976. Time Series Analysis: Forecasting and Control, 2th edition, Holden-Day
San -Francisco - CA.

Feldman, J.A., Nallard, D.H., 1982. Connectionist models and their properties, Cognitive Science, vol. 6,
pp. 205-254.

French. M.N, Krajewski, W. F. and Cuykendall, R.R., 1992. Rainfall forecasting in space and time using
a neural network, Journal of Hydrology, 137. pp. 1-31, 1992.

Funahashi, K., 1989. On the approximate realization of continuous mappings by neural networks, Neural
Networks, vol. 2, no. 3, pp. 183-192.

Grossberg, S., 1982. Studies of mind and brain: neural principles of learning, perception, development,
cognition, and motor control, Boston, MA:Reidel.

Haykin, S., 1994. Neural Networks - A Comprehensive Foundation, IEEE Press.
Hebb, D. O., 1949. The organization of behavior. John Wiley & Sons, New York.

Hopfield, J.J., 1982. Neural networks and physical systems with emergent collective comparabilities, Proc.
Nath. Acad. Sci. USA, 79, pp. 2554-2558.

Hsu. K., Gupta, H. V. and Sorooshian. S., 1995. Artificial neural network modeling of the rainfall-runoff
process, Water Resources Research, vol. 31, no. 10, pp. 2517-2530.

Kashyap, R. L., 1977. A bavesian comparison of different class of dynamic models using empirical data,
IEEE  Trans. Autom. Contr. AC - 22, no. 5, pp. 715-722.

Ljung, GM. and Box, GE.P.. 1978. On a measure of lack of fit in time series models, Biometrika, vol.
65, no. 2, pp. 297-303.

McCullock, W.S., Pitts, W., 1943. 4 logical calculus of the ideas immanent in nervous activity, Bulletin
of Mathematical Biophysics, 5, pp. 115-133.

Phien, H.N. and Twu, C-T.; 1984., Forecasting of Seasonal Streamflows with Box-Jenkins Models, Water
S.A., vol. 10, no. 3, pp. 127-135.

Roscnblatt, F., 1959. Principles of Neurodynamics: Perceptrons and the theory of brain mechanisms,
Spartan Books.

Rumelhart, D.E., Hinton, G. E. and Williams. R.J., 1986. Learning internal representations by error
propagation. Chap. 8 (D.E. Rumelhart and J.L. McClelland, Eds.), The MIT Press.

Salas, J.D., Boes, D.C, Smith. R.A..1982. Estimation Jor ARMA models with seasonal parameters. Water
Resour. Research, vol. 18, no. 4, pp. 1006-1010.

15



Salas. J.D., Obcysckera, JT.B., 1982, ARAA model identification of hydrologic time series, Water
Resour. Rescarch, vol. 18, no. 4, pp. 1011-1021.

Sejnowski, T. J., Rosenberg, C.R., 1987. Parallel networks that learn to pronounce English text, Complex
Systems, vol. 1, pp. 145-168.

Schwarz, G., 1978. Estimating the dimension of a model, Ann. Statist, vol. 6. no. 2, pp. 461-468, 1978.
Zhu, M., Fujita, M. and Hashimoto. N.. 1993. Application of neural networks to runoff prediction. Pre-
Conf. Proc. of Stochastic and Statistical Methods in Hydrology and Environmental Eng., Waterloo,

Ontario, Canada.

Widrow, B., Winter, R.G. and Naxter, R.A. 1988., Layered neural nets for pattern recognition, IEEE
Trans. Acoust. Speech, Signal Process, vol 36, pp. 1109-1118.

Tang, Z.. Almeida, C. and Fishwick, P. A., 1991. Time series forecasting using neural networks vs. Box-
Jenkins methodology, Simulation, 57, no. S, pp. 303-310.

Zandonade, E. and Souza, R.C., 1993, Forecasting via Neural Networks: 4 Comparative Study, Pesquisa
Operacional, vol. 14, no. 2, pp. 15-27.

16



037/97
036 /97

.035/96

034/96

033/96

032/96

031/96

030/96

029196

028/96

NOTAS DO ICMSC

SERIE ESTATISTICA

ACHCAR, J.A.; LOIBEL, S. - Constant hazard function models with a
change-point: a bayesian analysis using markov chain Monte Carlo methods

MOALA, F..A.; RODRIGUES, J. - Bayesian inference of the Weibull

reliability function via Laplace approximation

ACHCAR, J.A.; STORANI, K. - Nonhomogeneous poisson processes
assuming a inverse Gaussian order statistics model for software reliability
data: a bayesian approach.

ACHCAR, J.A.; LEANDRO, R.A. - Regression models for bivariate
survival data: a bayesian approach.

ACHCAR, J.A. - Use of gibbs-with-metropolis-hastings algorithms for a
bayesian analysis of complex network reliability systems.

ACHCAR, J.A.; LEANDRO, R.A. - Use of markov chain Monte Carlo
methods in a bayesian analysis of the Block and Basu bivariate exponential
distribution.

CEREGATO, S.A.; RODRIGUES, J. - Utilizag8o da inferéncia bayesiana em
experimentos de captura-recaptura.

ACHCAR, J.A. - Bayesian inference for software reliability models
considering interfailure time data.

ACHCAR, J.A. - Bayesian inference for software reliability models using
homogeneous poisson process.

RODRIGUES, J.; LEITE, J.G. - Inference for the software reliability using
imperfect recapture debbugging model.



