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A Comparison Between Neural-Network Forecasting
Technigues—Case Study: River Flow Forecasting
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Abstract— Estimating the flows of rivers can have significant time series might start to exhibit a gradual and accelerating
economic impact, as this can help in agricultural water man- increase, giving some indication of a start of an upward trend.
agement and in protection from water shortages and possible apqiher time series can exhibit some past random-like cyclical

flood damage. The first goal of this paper is to apply neural - . .
networks to the problem of forecasting the flow of the River Nile P€havior, and can therefore give a hint about the probable

in Egypt. The second goal of the paper is to utilize the time series POSition in the cycle at a certain instant in the future.
as a benchmark to compare between several neural-network We present here another neural-network forecasting applica-

forecasting methods. We compare between four different methods tion, namely river flow forecasting. Forecasting river flows is
to preprocess the inputs and outputs, including a novel method 5, important application, that attracted the interest of scientists

proposed here based on the discrete Fourier series. We also]c than 50 It helo i dicti icultural
compare between three different methods for the multistep ahead or more than yrs. It can help In predicting agricultura

forecast problem: the direct method, the recursive method, and Water supply, predicting potential flood damage, estimating
the recursive method trained using a backpropagation through loads on bridges, etc. In this paper the first goal is to apply
time scheme. We also include a theoretical comparison betweenneural networks to the problem of predicting the flow of the
these three methods. The flnal_comparlson is between_ different River Nile in Egypt (see [8] for a preliminary application). In
methods to perform longer horizon forecast, and that includes o . .

addition, we exploit the river forecast problem as a benchmark

ways to partition the problem into the several subproblems of ) -
forecasting K steps ahead. to compare between different neural network forecasting ap-

) . ) . roaches. The approaches, which all use multilayer networks
Index Terms— Backpropagation, Fourier series, multistep b bp Y

ahead prediction, neural networks, Nile River, river flow with backpropagatipn train?ng, are mainly different approaches
forecasting, seasonal time series, time series prediction. to preprocess the time series and different approaches to solve

the multistep ahead forecast problem.

I. INTRODUCTION

ORECASTING the behavior of complex systems has River flow forecasting is one of the earliest forecasting

been a broad application domain for neural networks. . o
. o . . problems that have attracted the interest of scientists. In fact,
In particular, applications such as electric load foreca:stlrﬁ%rst,S work in the 1940's on the River Nile flow forecast

[1], [2], economic forecasting [3], [4], forecasting natural ang .
. ' . ed to the development of the Hurst coefficient [9] (see also
physical phenomena [5] have been widely studied, to the eXtﬁf 1), one of the important measurements characterizing the

that now there are several yearly conferences with Specdggree of mean reversion of a time series. The importance

emphasis on the topics of economic forecasting [6], [7] gf estimating river flows to the livelihoods of the inhabitants

Forecasting is a highly “noisy” application, because wi . . .
are typically dealing with systems that receive thousands %rfound rivers made them study and record their levels since

inputs, which interact in a complex nonlinear fashion. UsuaIFar“eSt h_|story._|n facF, there are records for the flow level
with a very small subset of inputs or measurements availabfethe River Nile dating back to around 3000 B.C. (For
example, in the Palermo Stone [11], see also [12], the ancient

from the system, the system behavior is to be estimated algu i )
extrapolated into the future. What gives some hope to sol gyptlans recorded the annual peak river levels for the years
: Yrom 3050 B.C. until 2500 B.C.) This has produced one of

some of the difficult forecasting problems is that typicall . .
gp yp k}g longest recorded time series of a natural phenomenon. It

successive events or inputs that affect the time series . .
. ; . gan therefore be of use, not only for studying the river flow
serially correlated, and that causes a time series pattern tha . : . .
; . R0 lem itself, but also as a benchmark time series for studying
can give some hint of the future. For example, some economiic . X . .
and comparing different forecasting algorithms.

Manuscript received May 6, 1997; revised December 10, 1998 and Januaryl he problem of flow forecast for the River Nile is partic-
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it in a more uniform way, so as to optimally fill agricultural 3) the average of the flow of the last 12 months;
and electricity generating needs (acting like the capacitor or4) the period number (scaled by the number of periods),
the reservoir effect). Forecasting the flow of the river Nile can  e.g., for the month of May the input would be 5/12.

help in determining the optimum amount of water to release, For the ten-day ahead problem we used 150 points for each
and thus can help to more efficiently manage the water.  of the training stage and the testing stage. For the one-month

The river flow forecasting problem has been traditiorahead problem, the number of training data and testing data
ally tackled using linear techniques, such as AR, ARMAXyere 100 each. We used as error measurement the normalized

and Kalman filter, and also using nonlinear regression (st mean square error (NRMSE), defined as follows:
[13]-[17]). We have found only one method in literature that

uses neural networks, namely for the Huron River in Michigan

[16]. Most of the forecasting methods consider one-day ahead () - 2())?
; X NRMSE= | &=+~

forecast. For the River Nile a longer term forecast such as > a2(t)

ten-day ahead or a month ahead is more of interest, though it

is more difficult than the one-day ahead problem. These tw . .
cases would therefore be the subject of this paper. Where &(t) is the forecast ofx(f). We used a network

We used readings of the average daily flow volume for ea Rnsisting of one hid_den !aye_r, with three hidden nodes in the
ten-day period at the Dongola station, located in Northe dden layer, and traln(_ad It using the standgrd bgckpropagaﬂon
Sudan (south of the High Dam). The readings spanned ththOd' Th‘? netwprk is trained for 4000 |te'rat|ons. we have
period from 1974 to 1992. We also created from these daté)%rformed simulations, and found the following observations.

time series of monthly records, by taking the average of thel) Thereis a strong correlati_on between the training error
data within each month. We applied our algorithms for these ~ @nd the testing error. This means that there is good

two time series: the ten-day and the monthly time series. generalization. Choosing a network/input set that gives
a low training error will almost surely result in a low

testing error.
IIl. NEURAL-NETWORK APPLICATION 2) In several exploratory runs we have found that no

Most neural network approaches to the problem of forecast- ~ Validation set was needed to determine optimal stopping
ing use a multilayer network trained using the backpropagation ~ POInt in training. The error for the test set goes down
algorithm. Consider a time series(1), -- -, z(t), where it uniformly W_lth_ |terat_|on and do_es r?ot bottom out.
is required to forecast the value of + 1). The inputs to 3) For the mapn';y of input combinations the result.s were
the multilayer network are typically chosen as the previous Somewhat similar. There were several cases which gave
k: valuesz(t — k + 1), ---, z(t) and the output will be the _hlghe.r errors, but the;e were mostly for cases with
forecast. The network is trained and tested on sufficiently large ~ Insufficient number of inputs, and one can eliminate
training and testing sets, that are extracted from the historical them easily by observing the training error. _
time series. In addition to previous time series values, one carf) The forecasts for all periods of the yr were quite
utilize as inputs the values or forecasts of other time series (or ~ &ccurate. Only for the peak flow periods there was some
external variables) that have a correlated or causal relationship Small error (see Fig. 1 for the test forecast results of a
with the series to forecasted. For our river flow problem such ~ ten-day ahead case). This suggests possibly training a
time series could be the rainfall at the rivers origins. For ~ Separate network for the high flow periods, and using
the majority of forecasting problems such external inputs are ~ SOme kind of mixtures of experts type network (see
not available or are difficult to obtain. We have not used any [18]-{20]).
external inputs except an input indicating the season.

As is the case with many neural-network applications, IV. ALGORITHM COMPARISON
preprocessing the inputs and the outputs can improve than addition to this basic neural-network implementation, we
results significantly. Input and output preprocessing meagised the data as a benchmark to compare between different
extracting features from the inputs and transforming the targ@fural-network forecasting methods. The methods we used
outputs in a way that makes it easier for the network to extragite the following.
useful information from the inputs and associate it with the pMethod 1: The neural network is trained to forecast the
required outputs. Preprocessing is considered an “art,” aggtual flow of the next time period.
there are no set rules to choose it. Even some very intuitivelypmethod 2 The neural network is trained to forecast the
appropriate transformations may turn out of no value whefifference in flow between next period’s flow and current
checking the actual results. For our case the main inputs are #egiod’'s flow [the desired output for the neural network at
previous time series values. We have used some preprocessig ¢ is (¢ + 1) — x(t), properly scaled].
of the inputs, but also some of the methods described nexiviethod 3: We subtract the seasonal average of the flow
section are based also on different ways to preprocess {hecreate a seasonally adjusted time series. Then we apply
data. In short, the inputs that we used are combinations tae neural network to forecast this seasonally adjusted series.
the following: This approach, hopefully, makes it a simpler problem for

1) the flows at the previous few time periods; the neural network, by letting the neural network concen-

2) the flow at the same time period 1 yr ago and 2 yr agtrate on forecasting the deviations from the seasonal average,
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Fig. 1. The results of the ten-day ahead forecast for the test period.
rather than estimating both the seasonal average and the
deviation. lj,Nt
. . redictor
Method 4: A novel algorithm we propose here, that might P
be particularly suitable for seasonal (cyclical) time series. a1 . forecasted
Let =(t) be the time series values, and let the period (of DES predictor DES ey
the cycle) be fixed (sayl), but however the time series ™% o flow
1 . ourler
varies from cycle to the other, and can have a longer term Fourier ' coefficients
variation or trend. In our cas€ = 1 yr, because that coefficients ' forecasts
. . . . . fime series
is the period of the river flow time series. Because of the NN
seasonality of the time series, the Fourier series will be a predictor

natural representation of such series, and will carry much
useful information relevant to the task of forecasting the serigg; 2. a plock diagram of the DFS method.
Therefore, it seems to be potentially an effective method to
predict the Fourier coefficients, by giving them as inputs to
the neural network. For every timewe calculate the discrete
Fourier series (DFS) of the points(t — 7'+ 1), ---, =(¢), 1ese methods.

to obtain DFS coefficient&o(t), - - -, Xr—_1(¢) [the subscript

n in X,(t) represents the frequency]. These represent the V. THE MULTISTEP AHEAD PROBLEM

result of a moving window of the DFS calculation. Since |, gqgition to these methods, we considered the problem of
the DFS coefficients are complex numbers, we consider gecasting several steps away (the multistep ahead problem).
real componenf’,,z(#) and the imaginary componet,;(f) Thys, we have a time serieg1), - -, =(t), and would like
separately. We train a separate neural network for every Df>forecastz(t + k), wherek > 1. Of course the largek is,
coefficient and for each of the real and imaginary componenie more difficult the problem is. We have considered several
The network takes previous values of the DFS coefficiefiethods to implement the multistep ahead forecast problem,
time series as inputs [that is, for exampl¥,r(t — T, + and we will compare between these methods. The methods
1), ---, X,,r(t) for the network corresponding to the real parre as follows.

of the nth DFS coefficient], and is trained to estimate the pMethod 5—Direct Method: We train the neural network to
future coefficientX,,r(¢ +1). Once all21" forecasts from the directly forecast thésth period ahead. Thus, the desired output
2T neural networks are available, they are inverted to obtaigy the network will bex(t + k).

an estimate for the whole signal in thélong period from  Method 6—Recursive Method: We consider a network that
t—T+21tot+ 1. The estimate of the signal at the endorecasts a single step ahead, and apply this network recur-
of the period (at timet + 1) is taken as the signal forecastsively to forecastk step ahead. Thus, at any intermediate
Fig. 2 shows a block diagram of the method. An analogogtep the network will use some of the forecasts it obtained
approach has been proposed in [21], but with using wavekgt previous steps as inputs. There are two basic methods to
transformation, to forecast different resolutions of currendyain such a network. We implemented these two methods in
time series. the comparison:

Section VI presents the results of the comparison between
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Fig. 3. The cascaded architecture for training the recursive implementation of multistep ahead forecasting.

a) To train the network to perform simply a single stefgxpanding (4) into Taylor series expansion, and retaining up
ahead forecast. to second-order terms, we get
b) To consider a backpropagation through time sche R
[22]. That is, we consider thé steps ahead forecast a?ﬁx( )o@l + 1)l
the result of a cascade of identical networks, and train = B [fT(#), -+, #(t = L+ 1)), 2(t), ---, x(t = L + 2)]
this composite structure of networks (see Fig. 3). +e(t+ 1) 4+ €(t) fo, + () fryan] (5)

Method 6a) is called in the systems identification literaturghere fz, is the derivative off [the outer f as defined in

the series-parallel method, and Method 6b) is caIIed_ tl@g)] with respect to its first argument, anfg, ., is its second
parallel method [23]. Some other approaches for the multistggriyative with respect to its first argument. We get
ahead prediction have also been suggested in literature. Fg

example, [24] has suggested a hybrid approach (betwetgix(t)’ et =L+ 1)
the direct method and the recursive method). However, this ~ f[f[z(t), ---, z(t — L+ 1)], z(t), -- -, =(t — L + 2)]
method will not be included in the comparison. + 102 frray- (6)

The error obtained for the direct method becomes
E|direct %E[f[f[.’l’(t), ) ‘T(t - L + 1)] + G(t)v ‘T(t)v

A. Theoretical Comparison
To gain some theoretical insight into the differences between

the direct and the recursive methods, we consider a nonlinear eyt =L+ 2)] +e(t+1)
autoregressive system, given by — fIflz(t), -+, x(t — L4+ 1)], 2(8), - - -,

wheree(t) is a stationary independent zero-mean process, wixpanding into Taylor series and retaining up to fourth powers,

Variance{(t)) = o2. For simplicity, let alsoE(e3(t)) = 0, we get

where E() means expectation. We will compare between the 2 2,2 1 4
. . . E irect ~ T B E IR EZE 2R A

recursive method and the direct method under the assumption Jairect 7 0 ja . + 34 (g Vo

that we have an unlimited training set, and that the neural + 3[E() — oo a (8)

network is powerful enough (large enough) to learn any givéMow consider the recursive method, trained according to

function accurately. Consider the problem of two step aheasbking one step ahead [Method 6a)]. The objective function
forecast. Generalization to the general multistep ahead problginhis case will be

is straightforward. _
Consider first the direct method. The valueaoffter two E=E[f[s(®), -, a(t - L+ 1]+ <)

time steps [i.e., after applyingl) twice] is - Glz(t), -+, w(t - L+ DI ©)
w(t+2) = f[fla(t), -, x(t — L+ D] +e(t), x(t), -, where the optimali will be simply
x(t—L+2)]+e(t+1) 2 Gz, -, 2@E—=L+1)] = flz(t), ---, z(t— L+1)]. (10)
and the expectation of the square of the etbis The two step ahead error becomes
E=E[f[fl=(®), -, ot = L+ D]+ e(?), z(t), -, Elsecursivea) =E[f[f[2(t), - - 2 (t— L+ 1)]+e(t)x(t),- -,
x(t—L+2)]+et+1) z(t—L+2)]+e(t+1)
= Gla(t), -+, 2(t = L+1)]]? ®) = flfl=@®), -, 2t — L+ D], «(t), -,
where E[] denotes expectation ar@ represents the neural- z(t — L+ 2)])? (11)

network function. The optimal? W|th respect to the expectedwhich is evaluated as
square error can be shown to be simply the expectation of the

function (2), ie., E|recursivea)
Gla(t), -+, a(t — L+ 1)] x o+ 0?2+ SE() fo, frrma, + TE(EDf2L, (12)
= E[f[f[z(®), -, z(t — L+ )] + €(t), z(t), - - -, One can see by comparing between (8) and (12) that

.’L’(t - L + 2)] + (:(t + 1)] (4) E|direct ~ E|recursivea) - %04 ; (13)

T1T1
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and henceF|u;.ect 1S lower, and therefore the direct methodne month ahead forecast is then the average of the outputs
is more superior than the recursive Method 6a). of the three networks.

As of the recursive Method 6b), it is trained according to Method 9—Recursive Method: We again consider a net-
looking two steps ahead [Method 6b)]. Thus, it is required toork that forecasts a single step ahead, and apply this network

find optimal G such that recursively for three steps. We average the forecasts obtained
in the three steps to obtain the one month ahead forecast. We
E=E[f[flx®), - a@t - L+ 1]+ @), x(), -, also implement two training procedures.
2(t—L+2)]+et+1) a) Train the network for a single step ahead forecast.
— GGx(t), -+, a(t — L+ )], z(t), ---, b) Train the network using backpropagation through time
ot — L+ 2)]2 (14) scheme to forecast the three next steps [similar to

Method 6b)].
is minimized. If a@G can be found such that

GIGe(t), -+, w(t — L+ D], a(t), -, x(t — L+2)] VI. SIMULATION RESULTS

= flf[=(), -+, 2(t — L+ 1)), 2(t), ---, x(t — L+ 2)] We have performed the com.parisons for each of the single
1 2 15 step ahead group and the multistep ahead groups. For all runs
+ 307 fora (15) we used a three hidden node network. We note that the results
for all methods did not differ much when varying the number

then this method is as good as the direct method. If such . )
a G cannot be found, then the direct method is better. We hidden nodes between 2 and 8. We trained the network

. ; or 4000 iterations. This number of iterations was more
believe that there are problems where sua# aannot exist. than enouah for adequately training each of the comparison
The reason is that the “insidg” in the lefthand side of (15) 9 q y 9 b

has to be invertible in terms af(t — I, + 1), otherwise there methods. For each comparison we performed five different

could be problems where two different valuesigf — L +1), runs using five different combinations of the inputs described

X . . . in Section Ill. We used the following five combinations.
all otherz’s being the same, should have different right hand Cormbination 1: The flow at the previous three periods, and

side values, but are stuck with same left-hand side valu%?.

The invertibility is a strong requirement, and thereforé&7a € ﬂOW. at .the s.ame period to be foregasted but 1'yr ago.
- . Combination 2: The flow at the previous two periods, the
that satisfies (15) might not be found.

To summarize, the direct method is always better than tﬂgw at the same period to be forecasted but 1 yr ago, and the

recursive Method 6a), and is either better or the same %%gg%b?#;:gﬁré_ The flow at the previous three periods
the recursive Method 6a), depending on the problem consid- : b P '

ered. Next section gives the experimental comparison resultéggmg::z:g: g mg I:Ex ZE EEE p;gz:gﬂz ?c')ﬁrpegﬁgz;s the
between these three methods. : P P '

flow at the same period to be forecasted but 1 yr ago, the
average flow over the previous 12 months, and the period
number.

In addition to the multistep ahead problem, we consider We used the same five input combinations for every method
also the problem of forecasting a somewhat long time horizan. the comparison, to make the comparison as fair as pos-
This means that we would like to forecast the average flosible. The only exception is for the discrete Fourier series
of the nextk steps. This problem is somewhat easier than tmeethod (Method 4). Not all the inputs discussed above have
k steps ahead problem, because averaging cancels out sanmeeaning for Method 4, because the discrete Fourier series
of the error in the forecasts (for example, if we use simplyansformation changes the nature and the meaning of the
the average yearly flow over the training set as a forecast fesulting time series. For this method we used the following
the 1 yr ahead flow, the error will not be extremely largefive combinations.

Now comes the question: is it better to partition the problem Combination 6: The previous three values in each DFS
into different intervals, and forecast each interval separatetgefficient time series.

or perform a one-shot forecast? The answer to this question iCombination 7: The previous four values in each DFS
obtained in the comparison. Assume we have a ten-day timeefficient time series.

series, and we would like to forecast one month ahead (theCombination 8: The previous three values in each DFS
average of the next three periods). The methods we use emefficient time series, and the value same period to be
the following. forecasted but 1 yr ago.

Method 7—Direct Method: We train the neural network to  Combination 9: The previous seven values in each DFS
directly forecast the one month ahead. Thus the desired outpoéfficient time series.
for the neural network will bé /3(x(t4+1)+z(¢4+2)+x(¢+3)). Combination 10: The previous eight values in each DFS

Method 8: We partition the problem to three subproblemsoefficient time series.
forecast of next step, forecast of two steps away, and forecasFor the multistep ahead and the longer horizon forecast
of three steps away. We train three neural networks, eachctamparisons we used also the input combinations 1-5, except
forecastk periods ahead, where = 1, 2, 3. Thus, for thek for the recursive Methods 6b) and 9b). For these methods
periods ahead network, the desired output willdge+%). The using the average flow of the last 12 months and the period

B. Longer Horizon Forecast
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TABLE | TABLE 1
(a) TRAINING ERROR FOR THESINGLE STEP (TEN DAY AHEAD) (a) TRAINING ERROR FOR THETWO STEP AHEAD PROBLEM FOR
PrOBLEM FOR METHODS 1—4. (b) TESTING ERROR FOR THE METHODS 5, 6a),AND 6b). (b) TESTING ERROR FOR THE
SINGLE STEP (TENDAY AHEAD) PROBLEM FOR METHODS 1—4 Two SteP AHEAD PROBLEM FOR METHODS 5, 6a),AND 6b)
Input Method 1| Method 2 | Method3 Input Method 4 Input Method 5 | Method 6a Input Method 6b
Combination| Training | Training | Training [ Combination| Training Combination{ Training | Training || Combination] Training
NRMSE | NRMSE | NRMSE NRMSE NRMSE | NRMSE NRMSE
1 0.188 0.211 0.241 6 0.206 1 0.230 0.588 11 0.241
2 0.191 0227 0.243 7 0.194 2 0.255 0.398 12 0.285
3 0.204 0.217 0.241 8 0.265 3 0.294 0.740 13 0.277
4 0.184 0.202 0.223 9 0.195 4 0.296 0.920 14 0.286
5 0.196 0.198 0.219 10 0.196 5 0.224 0.651 15 0.215
Average 0.193 0.211 0.233 0.211 Average 0.260 0.659 0.261
Stand Dev 0.007 0.010 0.010 0.027 Stand Dev 0.031 0.172 0.028
@ (@)
Input Method 1 | Method 2 | Method3{f  Input Method 4 Input | Method 5} Method 6af  Input | Method 6b
Combination] Testing | Testing | Testing | Combination| Testing Combination| Testing Testing || Combination |~ Testing
NRMSE | NRMSE | NRMSE NRMSE NRMSE | NRMSE NRMSE
1 0216 | 0255 | 0288 6 0279 ! 0307 | 0.605 1 0.301
2 0213 | 0239 | 0290 7 0.282 2 0.326 ] 0420 12 0.304
3 0219 | 0254 | o311 8 0.300 3 0.327 | 0.752 13 0.325
4 0202 | 0220 | 0282 9 0.283 4 0.321 | 0.981 14 0.313
5 0215 | 0225 | 0279 10 0293 3 0293 | 0667 15 0.307
Average | 0213 | 0240 | 0290 0.287 Average | 0315 0.685 0.310
Stand Dev | 0006 | 0014 | 0011 0.008 StandDev | 0007 ] 0.184 0.008
b
®) (b)
. . . . . TABLE I
number as inputs will complicate the training algorithm to the (A) TRAINING ERROR FOR THETHREE STEP AHEAD PROBLEM
extent that it might not learn well and will more possibly get FOR METHODS 5, 6a),AND 6b). (b) TESTING ERROR FOR THE

stuck in a local minimum. The input combinations used are  THREE STEP AHEAD PROBLEM FOR METHODS 5, 6a),AND 6b)

the foIIowing. Input Method 5 | Method 6a Input Method 6b
Combination 11: The flow at the previous three periods, Combination | Training | Training || Combination| Training

and the flow at the same period to be forecasted but 1 yr ago. NRMSE | NRMSE NRMSE
Combination 12: The flow at the previous four periods. 1 0.270 0.483 1 0.340
Combination 13: The flow at the previous three periods. § o gigg g 8'23‘7’
Combination 14: The flow at the previous six periods. 4 0402 | o862 14 0470
Combination 15: The flow at the previous four periods, the 5 0.268 0.655 15 0.305

flow at the same period to be forecasted but 1 yr ago. Average | 0325 0.596 0.436
Table I(a) shows the training results for the four methods for Stand Dev | 0.064 0.162 0.097

the single step ahead (ten day ahead) problem, and Table I(b)
shows the results for the testing period. One can see that the
most basic method, forecasting the actual flow (Method 1)

(@

lts in the best f t Foll . that Input Method 5 | Method 6a Input Method 6b
results in tne bes o_recas accuracy. Following that comes Combination| Testing | Testing || Combination| Testing
Method 2. Then, we find Methods 3 and 4 at about the same NRMSE | NRMSE NRMSE
performance in last place. The results were generally consistent 1 0.357 0.515 11 0.410
across all five runs, meaning that the variation in error among 2 0.374 0.426 12 0.564
the five runs was small. Testing set performance was not much 3 0.405 1 0.597 13 0.578
- . 4 0.388 0.906 14 0.510
worse than the training performance, particularly for Methods 5 0.349 0.672 15 0.381
1 anql 2,_ indicating reasonable generaliz_ation. Methqd 4's Avorage | 0374 0.623 0,489
standing improved, however, for longer horizon forecasting. It Stand Dev | 0.021 0.164 0.080
obtained a testing period NRMSE of 0.344 for the one month
ahead problem, versus 0.284 for the Method 1. (b)

For the multistep group, we have performed both a two
step ahead comparison and a three step ahead compari@dethod 5) is superior, especially for the three step ahead case
See Tables ll(a) and li(b) for, respectively, the training andor the two step ahead it is a tie with the recursive Method
testing results for the two step ahead case and Tables lll(a) &tj]. The recursive method trained using a backpropagation
lli(b) for, respectively, the training and the testing results fahrough time approach was much better than that trained to
the three step ahead case. One can see that the direct megleatbrm a single step ahead forecast. One can observe that
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TABLE IV
(a) TRAINING ERROR FOR THEONE MONTH AHEAD PROBLEM
FOR METHODS 7, 8, 9a),AND 9b). (b) TESTING ERROR FOR THEONE
MoNTH AHEAD PrOBLEM FOR METHODS 7, 8, 9a),AND 9b)

Input Method 7| Method 8 | Method 9a Input Method 9b
Combination| Training | Training | Training | Combination| Training
NRMSE | NRMSE | NRMSE NRMSE
1 0.241 0.211 0.356 11 0.233
2 0.243 0.227 0.295 12 0.324
3 0.285 0.298 0.484 13 0.324
4 0.289 0.294 0.780 14 0.321
5 0.207 0.220 0.509 15 0.241
Average 0.253 0.250 0.485 0.289
Stand Dev 0.031 0.038 0.168 0.042
@
Input Method 7] Method 8 | Method 9a Input Method 9b
Combination| Testing Testing Testing ||Combination| Testing
NRMSE | NRMSE | NRMSE NRMSE
1 0.288 0.276 0.385 11 0.307
2 0.290 0.286 0.314 12 0.369
3 0.296 0.333 0.489 13 0.377
4 0.288 0.317 0.825 14 0.362
5 0.259 0.296 0.517 15 0.305
Average 0.284 0.302 0.506 0.344
Stand Dev 0.013 0.021 0.175 0.031
(b)
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comparative ability of the different approaches is usually
problem dependent, this comparison should give some insight,
and is therefore an addition to other comparison studies such
as [5]. The results of the single step ahead problem yielded a
somewhat surprising conclusion. Such intuitive preprocessing
as differencing the output, subtracting the seasonal average,
or taking the discrete Fourier series, produced worse results
(than the most basic method with no preprocessing). Although
the DFS method seems intuitive by virtue of the cyclicality
of the time series, perhaps the accumulation of the errors
of the 27" networks offsets the fact that each network can
forecast more accurately. Concerning Method 2, perhaps the
differencing accentuates the noise (because it is similar to a
differentiation operation), leading to a noisier target output. It
would be interesting to know whether these results apply for
other forecasting applications.

The multistep ahead comparison yielded the direct method
as the best method. It also confirmed the fact, well known
in the neural-network community, that the backpropagation
through time approach is what is needed to train a recursive
approach. Concerning the longer horizon forecast, forecasting
the whole period in one step tends to work better.

It would be interesting to find out how would other archi-
tectures such as radial basis functions fare. We feel that the
inputs selected and the preprocessing have a bigger weight
than the architecture. However, this can be an interesting study
to pursue.

the experimental results agree with the theoretical comparison
performed in Section V-A. We observe that for all methods,
input combinations possessing the flow value at the same
period to be forecasted but 1 yr ago, resulted in lower error
than the combinations possessing purely previous flow valugg.
The reason is that the yr ago flow provides some referen
about the approximate level of the flow of the period to b
forecasted, because of the cyclicality of the time series.

In the last experiment we compared between the longer
horizon forecast methods. Assume we would like to forecaigl
one month ahead, in other words the average of the thr
steps ahead. Tables IV(a) and IV(b) show, respectively, the
training results and the testing results. The ranking of thé!
methods in terms of the test results is: Methods 7, 8, 9b), and
in last place 9a). One can therefore say that the partitionini§]
of the problem into the subproblems of forecasting the flow?4]
at different intervals has not helped. The one shot forecast
method has been the best method. We observe also the eff%it
of the yr ago input in improving the results, even for Method 7.

6]

VILI.

The first goal of this paper has been to apply neural networkg]
to the problem of forecasting the flow of the River Nile.

We have seen that neural networks produced fairly accura{e]

forecasts. Generalization performance was very reasonable,

indicating confidence in the training results as a way td®!

compare different methods and different input combinationgij

The other goal has been to compare between different
methods to preprocess the inputs and the outputs, and diffe

approaches for the multistep ahead problem. Although the]

CONCLUSIONS
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