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RESUMO

Precipitagdo, em pequenas escalas de tempo, é um fenbmeno associado a altos
niveis de incerteza e variabilidade. Dada a sua natureza, técnicas tradicionais de pre-
visdo sao dispendiosas e exigentes em termos computacionais. Este trabalho apre-
senta um modelo para prever a ocorréncia de chuvas em curtos intervalos de tempo
por Redes Neurais Artificiais (RNAs) em periodos acumulados de 3 a 7 dias para cada
estacao climatica, mitigando a necessidade de predizer o seu volume. Com essa pre-
missa pretende-se reduzir a varidncia, aumentar a tendéncia dos dados diminuindo
a responsabilidade do algoritmo que atua como um filtro para modelos quantitativos,
removendo ocorréncias subsequentes de valores de zero(auséncia) de precipitacao,
o que influencia e reduz seu desempenho. O modelo foi desenvolvido com séries
temporais de 10 regides agricolamente relevantes no Brasil, esses locais sdo os que
apresentam as séries temporais mais longas disponiveis e sdo mais deficientes em
previsdes climaticas precisas, com 60 anos de temperatura média diaria do ar e pre-
cipitacdo acumulada. foram utilizados para estimar a evapotranspiracdo potencial e
o balango hidrico; estas foram as variaveis utilizadas como entrada para as RNAs.
A precisdo média para todos os periodos acumulados foi de 78% no verao, 71% no
inverno 62% na primavera e 56% no outono, foi identificado que o efeito da continenta-
lidade, o efeito da altitude e o volume da precipitacao normal , tem um impacto direto
na precisdo das RNAs. Os modelos tém desempenho maximo em estagdes bem de-
finidas, mas perdem sua precisao em épocas de transicao e em locais sob influéncia
de efeitos microclimaticos e mesoclimaticos, o que indica que essa técnica pode ser
usada para indicar a eminéncia da precipitacdo com algumas limitacdes.

Palavras-chave: previsdo pluviométrica, redes neurais artificiais, redes multicamadas
perceptron



ABSTRACT

Precipitation, in short periods of time, is a phenomenon associated with high levels
of uncertainty and variability. Given its nature, traditional forecasting techniques are
expensive and computationally demanding. This paper presents a model to forecast
the occurrence of rainfall in short ranges of time by Artificial Neural Networks(ANNS) in
accumulated periods from 3 to 7 days for each climatic season, mitigating the necessity
of predicting its amount. With this premise it is intended to reduce the variance, rise the
bias of data and lower the responsibility of the model acting as a filter for quantitative
models by removing subsequent occurrences of zeros values of rainfall which leads to
bias the and reduces its performance. The model were developed with time series from
10 agriculturally relevant regions in Brazil, these places are the ones with the longest
available weather time series and and more deficient in accurate climate predictions,
it was available 60 years of daily mean air temperature and accumulated precipitation
which were used to estimate the potential evapotranspiration and water balance; these
were the variables used as inputs for the ANNs models. The mean accuracy of the
model for all the accumulated periods were 78% on summer, 71% on winter 62% on
spring and 56% on autumn, it was identified that the effect of continentality, the effect of
altitude and the volume of normal precipitation, have an direct impact on the accuracy
of the ANNs. The models have peak performance in well defined seasons, but looses
its accuracy in transitional seasons and places under influence of macro-climatic and
mesoclimatic effects, which indicates that this technique can be used to indicate the

eminence of rainfall with some limitations.

Keywords: artificial neural networks, multilayer perceptron, rainfall forecasting
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1 INTRODUCTION

Water is essential for all human activities and agriculture is the largest freshwater
consumer. Precipitation is a phenomenon highly susceptible to variability and determi-
nes its availability (CALZADILLA et al., 2013). Research and apply accurate statistical
models to forecast this phenomena has been acknowledged to play a key role for this
sector of the human activity (TOTH; BRATH; MONTANARI, 2000). Given the uncer-
tainty and variability that drives its occurrence, it is recognised that is quite difficult to
obtain reliable and accurate prediction models that can spatially forecast this element
of the hydrological cycle for short periods of time (BRATH, 1997). Itis known that due to
its behaviour and complex structure, precipitation is an variable harder to forecast than
other climate variables, given the processes involved in its generation and nonlinear

behaviour (JHA et al., 2018).

The precipitation forecasting problem is commonly approached in different ways.
The use of remote sensing observation with radars and satellite images addresses the
issue based on the extrapolation of current weather condition, for very short term fore-
casting (scale of minutes). Unfortunately the use of radar and satellite images do not
provide a satisfactory assessment of rain intensities in larger scales of time, in addition,
using this technique in mountainous regions is difficult because of the occurrence of

soil shading and the altitude effect (TOTH; BRATH; MONTANARI, 2000).

One other mean to obtain rainfall forecasting models is by time series analyses
techniques. There are different approaches to time series forecasting, specially for cli-
matic proposes.Traditionally forecasting has long been the domain of linear statistics,
usual approaches to time series prediction, such as Box-Jenkins 1976 or ARIMA (auto-
regressive integrated moving average) method (PANKRATZ, 1983), considers that time

series behaves as linear processes. Despite of its easy understanding and applicability



it may be totally inappropriate to implement if the ongoing mechanism is subjected to

an nonlinear processes (ZHANG, 2003).

In meteorology to deal with non linearity, it is generally used numerical weather pre-
diction models (NWP) in applications such as Global Circulation Models (GCM). NWP
is an initial-value problem for which initial data are not available in sufficient quantity
and with sufficient accuracy, these models abstract some layers of information by dis-
cretizing partial differential equations governing large scale atmospheric flow (GHIL et
al., 1981). GCM models are based on highly complex mathematical representations
of atmospheric, oceanic, and continental processes being capable to predict climate
patterns of different variables such as air temperature, precipitation, atmospheric ga-
ses and its behaviour. These models simulates climatic parameters only at grid points

requiring downscale of regional models to local models (ALOTAIBI et al., 2018).

NWP can active acceptable accuracy in forecasting some meteorological pheno-
menas but when dealing with rainfall they yet have not active it (RAMIREZ; FERREIRA;
VELHO, 2006), mainly because of the physical complexity of precipitation processes
and the reduced temporal and spacial scale involved in such phenomena that nume-
rical models cannot resolve (KULIGOWSKI; BARROS, 1998b). It is required turbulent
parameterizations to accurately represent the planetary boundary layer, shallow con-
vection, subgrid-scale cloud cover, and turbulent fluxes related to deep convective sys-
tems which are required to future climate projections. Due to limitation on knowledge
about cloud-aerosol interactions which are a major source of uncertainties on NWP
models leads to far-reaching consequences on the development and accuracy of pre-
cipitation models (PREIN et al., 2015). One other drawback that NWP models such as
GCM have is that they are computationally demanding and require powerful and ex-
pensive hardware to be implemented in a meteorological prediction center. Limitations
in computing power may result in inability to appropriately resolve the important cli-
mate processes. Low-resolution models fail to capture many important phenomena on

regional and lesser scales such as clouds. Downscaling to higher-resolution models in-



troduces boundary interactions that can contaminate the modeling area and propagate

error (ALOTAIBI et al., 2018).

More recently researchers have been approaching such problem with artificial neu-
ral networks (ANN) which are a powerful alternative to traditional time-series modelling
(ZHANG, 1998) as for NWP models. ANNs are data-driven self adaptive methods that
are able to understand and solve problems of which there is not enough data or ob-
servations to use more traditional statistical models (ZHANG; PATUWO; HU, 1998),

rainfall is such a phenomena and ANNSs are suited and studied solution.

ANNs are a type of nonlinear model inspired by sophisticated functionalities of
human brain. They are universal function approximators that can adaptively disco-
ver patterns from data, learn from experience and estimate any complex functional
relationship with high accuracy (ZHANG, 1998; WANG, 2003), they mimics the brain
functionalities both in knowledge acquisition through a learning process and memory
by storing synaptic weights as acquired knowledge (FERRAUDO, 2014). ANNs have
an nonparametric nature which enables the development of models without any prior
knowlege of the population, its distribution or possible interaction between variables

that are commonly used in parametric statistical models (WALCZAK, 2019).

ANNSs simulates an reduced set of concepts derived from biological neural sys-
tems by emulating the electrical activity of the brain of which each part of the neurone
plays a role in the communication of the information throughout its parts. Computations
and analysis of the brain are achieved by sending electric signals through its proces-
sing units which consists of dendrites, axons, terminal buttons and synapses (KROGH,
2008). Dendrites receives signals from over to the cell body of the neuron. The axon
receives signals from cell body and carries them through the sinapses to neighbour
neurones dendrites. In math models the processing units, are interconnected in layers
or vectors which the output of each neuron serves as input for neighbour neurones.
When an electric signal travels from the dendrites to the pre synaptic membrane of

the synapse a chemical called neurotransmitter is released in proportional amount to



the strength of the signal. The neurotransmitter, diffused within the gap between the
synaptic membrane and the neighbour dendrites forces the receiving neurone to gene-
rate a new signal that obeys the same set of rules to transmit its impulse (BASHEER,;
HAJMEER, 2000). The amount of signal passed depends on the intensity of the signal
emanated from feeding neurons, its strength and the activation threshold of the recei-
ving neuron which can assist or inhibit the firing neurone. This simplified biological

mechanism of signal transferring are the bases of ANN and neurocomputing.

The first artificial neurone model was proposed by McCulloch and Pitts in 1943,
it was designed to behaviour as a switch which alter its state depending on its input
passing through an weight distribution process. The weight multiplies the inputs cor-
responding to the strength of the synapses that represents the contact between nerve
cells (MCCULLOCH; PITTS, 1943) which can be both positive or excitatory, allowing

the electrical pulse to pass, and negative or inhibitory blocking the signals.

In 1958 ROSENBLATT to understand the process of perceptual recognition of
higher organisms and to answer three fundamental questions of neural thinking: How
the biological system senses and detects information? What is the form that it is stored
and remembered? How storage information influences on recognition behaviour? Pro-
posed an hypothetical nervous system called perceptron. The perceptron was desig-
ned to illustrate properties of intelligent system without being deeply attached into unk-
nown meshes which are the natural condition for biological organisms. The machine
establishes a mapping between the inputs activity and the output signal by passing sig-
nals through a linear threshold function and transmitting its signal to other neurons or
the environment. By using weights in the connections the signals can be both excited

enhancing its strength or inhibited reducing it (BASHEER; HAJMEER, 2000).

The perceptron weights and thresholds can be adjusted in a training processes.
This process is equivalent to approximating the output of the neuron to the corres-
ponding desired counterpart or goal by minimising an error function computed by the

difference between the goal of a training set and the output of the ANN in a search for



minima (RAMCHOUN et al., 2016). The perceptron is a single element ANN that res-
ponds correctly to as many patterns as possible, being able to respond correctly with
high probability to input patterns that were not included in the training set if the output
is binary (WIDROW; LEHR, 1990). In 1969 MINSKY; PAPERT mathematically proved
the limitations of the perceptron and other types of ANNs when dealing with non linear

separable patterns.

With the rediscovery of the backpropagation algorithm by RUMELHART; HINTON;
WILLIAMS (1985) originally proposed by WERBOS (1974) solved the problem of trai-
ning and implementing non linear solvers that handle non linear groups of variables. To
handle non linear problems intermediate layers connected in nodes are added between
input and output neurones of the ANN, since this layers of neurons do not connect to
the external world they are called hidden layers. This structure is called Multilayer Per-
ceptron (MLP). With the addition of intermediary layers to the perceptron using ana-
logous dynamics and with the implementation of nonlinear training algorithms (back-
propagation) the neurons process information and pass over to the output layer with

accuracy.

In the field of agriculture and applied math ANNs has been a successful tool to
forecast meteorological indexes. KUMARASIRI; SONNADARA (2006) proposed three
Neural Network models based on the feedforward backpropagation architecture to fo-
recast rainfall in a short-term or one day ahead, medium-term or one month ahead
and long-term or a year in the city of Colombo in Sri Lanka. The researchers obtaining
an accuracy from short to long term of 74.25%, 58.33% and 76.67%. According to
the author the region had well defined seasons and long strings of observations with
rain in the monsoon seasons and no rain observation days which contributed to the

performance of the models.

To simulate chaotic rainfall events in the suburbs of Sydney, Australia NASSERI;
ASGHARI; ABEDINI (2008) proposed an architecture of ANN that is efficient in events

with a scale of minutes. The architecture was based on the feedforward backpropaga-



tion coupled with genetic algorithm. The genetic algorithm are a kind of computatio-
nal models inspired in evolution, they encode problem solution on a chromosome-like
structure coupled with operators that recombines structures to preserve critical operati-
ons and can be viewed as function optimisers (WHITLEY, 1994). The authors reported
that the study led to conclude that associating ANN with genetic algorithm performed
with accuracy and given the high variance and turbulence of precipitation events cu-
mulative data leads to increasing statistical performance and when comparing rainfall

forecasting to discrete data types.

Some studies used ANN models together with NWP models. RAMIREZ; FER-
REIRA; VELHO (2006) to generate accurate rainfall forecasts over southeastern Brazil
areas used artificial neural networks to downscale the Eta Model with a resolution of
40 x 40 km to forecast variables at a weather station level. The Eta model is a state of
the art atmospheric model (NWP model) used for research and operational purposes.
The study were able to conclude that ANNs are effective to adjust rainfall forecast for
specific points and that NWP models accuracy are reversibly proportional to ANNSs in

events of heavy rain because they are more effective in events with higher threshold.

The rainfall due to the complexity of the physical processes involved and its varia-
bility in space and time is a difficult variable to forecast. Mapping the effect of temporal
and spatial information on short term rainfall forecast is a key component into the de-
velopment of a successful model. Rainfall is considered a Markovian process (LUK;
BALL; SHARMA, 2000) that is a particular case of a stochastic process with discrete
estates, which implies that its volume at a given location in a place and time is func-
tion of a previous set of observations. Considering this factors knowing the relation
between future and past rainfall events is crucial to develop an appropriate ANN archi-
tecture that maps this relations and is able to carry over the momentum and accurate
to predict. In previous studies, while investigating the effect of temporal and spatial
rainfall events in very short periods of time, LUK; BALL; SHARMA (2000) revealed that

there is an optimal limit temporal and spacial limit for inclusion into a ANN. The author



also demonstrated that too much or too little spacial information can degrade its perfor-
mance and that for short term rainfall it might not have long therm memory indicating
that with lower lags consistently produced smaller prediction errors. Other authors
corroborates with this statement and proved that ANN are able to generalize and use
previous input to accurate forecast. FRENCH; KRAJEWSKI; CUYKENDALL (1992)
demonstrated that by only increasing the number of training iterations the performance

can be improved which is not the case on independent data.

In other studies (KUMARASIRI; SONNADARA, 2006; NASSERI; ASGHARI; ABE-
DINI, 2008; RAMIREZ; FERREIRA; VELHO, 2006; LUK; BALL; SHARMA, 2000; FRENCH;
KRAJEWSKI; CUYKENDALL, 1992; TOTH; BRATH; MONTANARI, 2000; PARTAL; CI-
GIZOGLU; KAHYA, 2015) the goal was to numerically predict, with a single ANN struc-
ture, the accumulative volume of precipitation in a given scale in a future period of time.
The performance of these models were very correlated to the time scale of events that
ANNSs had to handle. In larger scale of time, such as months, the performance of ANNs
are vastly superior then in shorter periods of time. This happens because in larger
periods of time the probability of some precipitation be recorded is greater, consecu-
tively models are not biased by a big number of observations with zero precipitation
(SCHOOF; PRYOR, 2001) and in short scale of time rainfalls are dependent on small
scale and unstable physical processes (KULIGOWSKI; BARROS, 1998b).

The objective of this research is to create a methodology to predict the occurrence
of rainfall. This is done by constraining the complexity of the predicted events by re-
ducing the variance and rising the bias of the time series. To achieve this objective, a
structure of artificial neural networks is being proposed which identifies the signs that
lead to the occurrence of rain for each climatic season in short periods of time, letting
the ANNs to predict whether or not it is going to rain. The proposed model is intended
to filter which days are propitious to rain, so that only the climate variables in the peri-
ods that lead to rain are used in quantitative models. With this technique quantitative

models can improve its forecasting performance in shorter periods of time and conse-



cutively becoming computationally lighter by reducing the volume of data used in the

training stage of the models.



2 MATERIAL AND METHODS

In this section, it is firstly described the dataset with emphasis in its composition,
recovery of missing data and data transformation, important factors for the model ac-
curacy. Secondly it is discussed the methodology for estimating potential evapotranspi-
ration (PET), indispensable for calculus of water balance (TWB). Lastly it is described
the methodology used in the Artificial Neural Networks to forecast small spacial and

temporal scales, that is the goal of this paper.

2.1 Dataset

The raw data used to establish the training set for the forecast model consists
basically of the daily mean air temperature and the accumulated precipitation, these
indexes were ground measured by conventional weather stations (CWS) and were the

one available for this study.

It was chosen the most relevant agriculture production regions distributed in eight
Brazilian states, in these locations it was selected ten CWS and its locations are shown
in Table 1. The CWS were chosen based on geographical proximity of important agri-
cultural centres and by its operation start date, the Fig.1 illustrates its distribution across
Brazilian territory. The optimal range of data chosen for training the prediction model
was from 1950 to 2011, the years of 2012 to middle 2015 were not known by algorithm
for testing and validation purposes ensuring the learning and generalisation capacities
of the artificial neural networks. The cross validation method adopted was the holdout
method, which is basically a separation of the dataset in two sets, a training set and
a validation set, that the function approximator tests its outputs with unknown data,

given the large set of data this is an feasible validation method (FRIEDMAN; HASTIE;



TIBSHIRANI, 2001).

10

Tabela 1 - Geographical locations of Brazilian ground-based conventional weather

stations

State City Maintainer Lat(DD) Long(DD) Alt(m)
Parana Campo Mourao INMET -24.05 -52.36 616.4
Mato Grosso Diamantino INMET -14.40 -56.45 286.3
Mato Grosso do Sul Ivinhema INMET -22.30 -53.81 369.2
Ceara Jaguaruana INMET -4.78 -37.76 117
Alagoas Maceio INMET -35.70 -64.50 64.5
Sao Paulo Presidente Prudente INMET -22.11 -51.38 435.5

Jaboticabal UNESP -21.25 -48.32 626.0

Piracicaba USP -22,73 -47.64 547.0
Goias Rio Verde INMET -17.8 -50.91 774.6
Minas Gerais Uberaba INMET -19.73 -4795 737.0

5°N

5°S

10°S

15°S

20°S

ATy
<

i)
.
A TTS e RN

km

0 1500 1000

75°W 70°W 65°W 60°W 55°W 50°W 45;VV 40;VV 35°W

Figura 1 - Weather stations locations

There was air temperature measurements missing within all local datasets, a com-

mon problem in long time series. It was necessary to infill the gaps with estimated

values to maintain consistency in the training processes.
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2.2 Missing Data Recovery

Traditionally the estimation of missing meteorological data are based on measure-
ments of the same location, the reconstruction methods includes simple interpolations
using mean values from time series arrays, or even using data from several days before
and after the date with no measurement in a non-linear regression (KIM; PACHEPSKY,
2010). ANNs are data-driven, non-linear statistical modelling tools capable to map and
understand the relationship between inputs and outputs, this ability renders it possible
to simulate large-scale arbitrary complex linear problems (WU; CHAU, 2006) and are
often used to forecast time-series (ZHANG, 2003; BOX; JENKINS; REINSEL, 1976;
FRENCH; KRAJEWSKI; CUYKENDALL, 1992; ZHANG, 1998).

The ANN implementation chosen was the feed-forward multilayer perceptron with
one hidden layer and with 12 neurons, followed by a single neuron output layer. Time-
series have a continuous nature and require a transfer function able to output a graded
response, to meet this criteria it was chosen Logarithmic transfer function. The best

performing transfer function was the logarithmic sigmoid (Eqg. 1).

B 1
N l+e x

y (1)

Traditional backpropagation training algorithms are often too slow for practical pro-
blems. The performance of these algorithms are improved by allowing the learning
rate to change during the training process and keep the learning step size as large as
possible, while maintaining learning stable. Gradient search based technics such as
backpropagation tend to get trapped at local minima, with enough gain (momentum)
it can escape these local minima (MONTANA; DAVIS, 1989). To keep the algorithm
responsive to the complexity of the local error surface while getting closer to the local

minima, it was adopted the pre. The error function used in the ANN training processes
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was the mean squared error (MSE) represented by the following equation:
MSE = f (Pi—vi)? 2)
= - 1—Yi
n.
i=1
where n is the length of the training array, Yi is the predicted value and Yi is the
observed value at an given time. All nodes weights were randomly initialised which was

a problem, because of the non randomness of computer generated random numbers,

this issue will be better discussed further in the Binary Precipitation ANN subsection.

Normalising data can improve learning and can impact directly on the computati-
onal and classification performance (SHANKER; HU; HUNG, 1996). Prior beginning
the training processes every place of the dataset were linearly transformed to the [0, 1]
interval, being 0 the minimum value and 1 the maximum value of the dataset, this were

done based on the Eq. 3:
p
il

i 7.
uj — 1

(3)

where le is the transformed value, /; is the minimum and u; is the maximum value of

the time series array.

The dataset used to recover the lost air temperature, was the longest array without
any missing air temperature for every location, in each subset it was left untouched
around 20 percent of data for algorithm cross validation. It was made an correlation
matrix to determine the time-space dependencies of the variable, being considered the
interval dependent while the p (Eq. 4) value between the time-steps x; j and y; j was
greater than 0.5, this was the batch size for the entering layer for each ANN for this

reason, it was different for every location.

n
X (xj =) —Y)
ij=1
p=— = (4)
\/__Z (xj =92 L (0jj—9)?
ij=1 ij=1

In the validation stage of these ANNSs, the variance (o) between the predicted value
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and the real one wasn’t greater than 1 “C for every location, this was not the research
goal and was considered reasonable to infill usage, no further validation was done and

all gaps were filled.

2.3 Weather Indexes Estimation

The proposed model uses as input data based on estimated meteorological inde-
xes which were the soil water content (SWC) in mm, the daylight length in hours and
the extraterrestrial irradiation energy (Hp) in mm. These indexes were chosen because
of the inertia or carryover processes that they naturally have, these indexes are persis-
tent and tends to have slightly changes from one observation to another unless some
event such as precipitation happens. The theory is that the nested information which
these indexes inherently carry are a important source of information for the ANN and

an positive sign of the rainfall possibility.

To determine the SWC it is necessary to estimate the water balance. This is
an practical method developed to quantify the water allocation among watersheds,
which calculates its inputs and outputs sequentially, it is usually applied monthly but
can be used for monitoring the soil water storage in near-real time (THORNTHWAITE;

MATHER, 1957), for the research it was used a daily scale.

In order to determine the water balance of a given place is necessary to estimate
the potential evapotranspiration (PET). The PET is the amount of water to be evapo-
transpirated in a standard grassy surface if there was sufficient water available, this
index is considered essential and represents the needed rainfall to supply the vegeta-

tion water needs (CAMARGO; CAMARGO, 2000).

The PET values are usually estimated empirically by measured elements in we-
ather stations, there are several methods to estimate its value. The choice of a method
for estimating potential evapotranspiration depends on a number of factors. The first

one is the availability of meteorological data, complex methods such as Penman—Monteith
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(ALLEN et al., 1998), requires a great number of variables which are not aways availa-
ble. Second is the temporal scale. Usually, empirical methods such as Thornthwaite,
estimate the PET well on a monthly scale, whereas methods involving the radiation
balance have a better performance in daily scale. Lastly, on empirical methods, it is
required to know the climate conditions of which it were developed, some methods like
Thornthwaite, are better for humid climates and not capable to perform on arid regions
which requires different methods like the one proposed by Hargreaves and Samani

(HARGREAVES; SAMANI, 1985).

The Thornthwaite method (THORNTHWAITE, 1948) was the first and widely know
to estimate the PET value. It is a empirical method with the drawback of relying on the
normal mean air temperature which is not aways available and to be created for humid
regions. On 1971 Camargo(CAMARGO; SAQ, 1971) proposed an equation with prac-
tically the same results of Thorthwaite original work, without the drawback of needing
normal air temperature and has the advantage of computing the extraterrestrial solar
irradiation this method was analytically developed specifically for Brazilian conditions.

This was the method adopted in this study, follows the Camargo equation:

PET =0.01 Hp Tn ND (5)

where ND is the number of days contained in the desired period, Trn is the period

1 is the

mean air temperature calculated in °C and H, calculated in MJm_zday_
extraterrestrial irradiation energy falling on a plane horizontal to the earths surface

throughout a whole day and is represented by the Eq. 6:

360 /4
Hy =37.6(1 . DOY —
0 =37.6(140.033cos( 365))[( 1800

)Nsin@ sind + cos @ cosd sinP]  (6)

In the Hy equation DOY represents the day of year, ¢ is the geographic latitude
in degrees, 0 is solar declination calculated in degrees based on Coopers(COOPER,
1969) equation (Eq.7) and N is the photoperiod calculated in hours by the equation 8.

The soil-moisture storage capacities was standardised in 100 mm across all locations
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to simplify the calculus routine.

DOY —80

= 23.45si
0 = 23.455in[360 %6

] (7)

arccos[—tan ¢ tan §|
=2
N 159

(8)

With these estimated indexes, it was generated an new time-series dataset, for
each Brazilian location, that were the estimated data used for the forecasting model

with the addition of the the Unix time stamp for each day.

2.4 Binary Precipitation ANN

Traditionally in the field of modelling in climatology and time series, an auto regres-
sive approach is used to solve the index forecasting problem (RAJURKAR; KOTHYARI;
CHAUBE, 2002; MISHRA; SHARMA, 2018; RAMIREZ; FERREIRA; VELHO, 20086).
Rainfall is an sparse highly difficult to predict phenomenon that its occurrence depends
on a series of complex parameters such as temperature, barometric pressure and wind
speed (SUMI; ZAMAN; HIROSE, 2012). Given the nature this phenomenon these ap-
proaches relies on historical data that contains high variance, low bias and in short
range period of times a great number of very small volumes or a lack of rainfall events.
These characteristics make it difficult for traditional models to converge, which leads to

a reduction of their potential performance.

The input selection is a key component to develop an accurate rainfall forecast
model, many theoretical studies established the relationship between climate indices
and rainfal. TULARAM; ILAHEE (2010) showed an strong correlation in trend between
rainfall and temperature ranges given the periodic nature of these variables. FENG et
al. (2016) correlated water balance components such as PET with rainfall occurrence
and proposed an annual rainfall ARIMA model with acceptable accuracy. VALIPOUR

(2016a) developed 3 models, for 4 climate conditions based on precipitation volumes
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capable of estimate monthly rainfall indices. MEDVIGY; BEAULIEU (2012) identified an
strong correlation between increments of solar radiation and increases in precipitation
variability. Despite the rationality and different exploratory methods on variables selec-
tion, studies have been approaching this issue taking in consideration the shortage of

available and reliable data.

With this research it was intended forecast the rainfall occurrence in short periods
of time with the premise that reducing the variance and rising the bias of the time series
could lead to accuracy. To achieve this objective it was firstly determined the ranges
of time that the model had to predict, which were from three to seven accumulated
days. For each accumulated period it was generated an array containing the time-
stamp of the last day of the period, the mean air temperature, the accumulated rainfall,
an boolean value to determine whether the accumulated precipitation was greater than
5mm which is considered the median intensity of a light precipitation (SUN et al., 2006),
the mean photoperiod, the soil water content and the average daily Hy, these were the
final data that were used as inputs for for the ANNs and are represented by the following

array representation:

Tabela 2 - Inputs used for the ANN model

Data Name Type

Mean air temperature °C

Unix time stamp datetime object
Rainfall mm

Rainfall success flag  boolean
Photoperiod hours

Water content mm

Hy mm

With these new arrays was generated a new data array that were used to create
four types of ANNSs, one for each year climatic season based on the Unix time-stamp
variable of the season change date. Each type of ANN of each place is constituted of
5 ANN, one for every accumulated period([3, ..., 7]days) consecutively each ANN had

a well established rainfall pattern to predict.
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To constraint even more the ANNSs task, it was removed the necessity to predict
the rainfall volume, by making as target for the model the boolean success flag. The
goal with this methodology was to create a filter and in a future research, use as inputs
only the time-steps that lead to rain, limiting task of next ANN model, to predict only the

amount of rain.

For each ANN the structure used was the multi-layer perceptron (MLP) feed forward,
with backpropagation momentum and adaptive learning rate (GDX). The MLP structure
usually consists of at least 3 layers, one input layer of which the receptors of the ANN
receive external data, one output layer where the problem solution is obtained in this
case whether or not it's going to rain. In the middle at least one intermediary layer
called hidden layer with undetermined number of neurons, it was used a single hidden

layer. To represents the structure a diagram of the ANN is shown in Fig. 2 .

input layer hidden layer output layer

Figura 2 - Feedforward MLP structure

The Mathematical structure of the feed forward multilayer perceptron with one out-

put node can be represented by the following equation (LUK; BALL; SHARMA, 2000):
Nj Ni

y1 =510 wiSa( Y} wix)) 9)
j=1 i=1

where y1 is the output([0, 1]) of the network, x; is the input array (Fig. 2), w; the
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j is the connection

weights from the hidden layer to the output layer, S is the activation function from the

connection weights between the data node and the hidden layer, w

Input layer to the hidden layer, S, is the activation function from the hidden layer to the

output layer.

One important decision in designing an backpropagation architecture is the selec-
tion of a proper activation function. The activation, or transfer functions are characteri-
sed by ruling the behaviour of output for each ANN node. They are a set of equations
that have an limited amplitude and are the non linear transformation that is done over
input signal (KARLIK; OLGAC, 2011). Sigmoid functions have a nonlinear nature and
are widely implemented on backpropagation algorithms, they are easy to distinguish
and can interestingly minimize the computation time for training and have an nonlinear
output (HECHT-NIELSEN, 1992; KARLIK; OLGAC, 2011). Tangent sigmoid functions
are a scaled version of a sigmoid function that solves the problem of values having
the same signs. They have an steeper gradient with the advantage that that negative
inputs will be mapped strongly negative and the zero inputs will be mapped near zero,

this characteristics makes it suited for classification problems.

It was used two different activation functions, one tangent sigmoid (Eq.10) on S
and a hard limit (Eq.11) function on §,. The reason for a hard limit transfer function
was the definition of a binary target or an boolean value, in which the ANN would have

only two forecasting possibilities.

sinhx

f(x) = (10)

coshx

1 ifx>0

0 else

Determining the number of neurons in the hidden layer for a time-series problem is
not an easy task (ZHANG; PATUWO; HU, 1998), firstly the hidden layer of each ANN

had 200 neurons, then it was observed its forecasting accuracy and processing cost,
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then it was lowered to 50 without noticeable performance lost. With the results this was
the number of neurons used and this parameter was not change in any of the ANNs in

order to facilitate performance analysis and comparison.

The backpropagation method is a technique used to update the nodes weights
in supervised training ANNs. It is consisted of two passes throughout the different
layers of the network, a forward pass and a backward pass. In the forward pass all
the connection synaptic weights are fixed and a activity patterns is applied to the input
nodes, then it propagates layer by layer, node by node producing a output signal as the
network response. During the backward pass all the weights are corrected by an error-
correction rule, that tries to minimize an error function, it was used the MSE (Eq. 2),
this is done by subtracting the actual ANN response by the desired response producing
an error signal. All the network weights are backwardly adjusted to make the output

closer to the desired one in a statistical sense (DAO; VEMURI, 2002).

At the first learning epoch of the ANNSs the first weights has to be randomly distribu-
ted within the [0, 1] limits, this first random distribution was a problem. The computer is
a deterministic machine and to generate random numbers by a deterministic machine
a pseudo random number generator is needed. A random generator is an algorithm
that produces numbers or vectors that its properties approximates of truly random num-
bers, this algorithm usually has a seed parameter that uses the computer clock, which
can lead to an normal distribution of the random numbers, for this reason sometimes it
was required to run the training processes several times. After the first weights distri-
bution, the equation that defines the weights adjustment for each iteration w,, , | of the

algorithm was:

Wil =Wn—0Op i 8nt+Hwp_| (12)

where gy, is the gradient of the error to the weight vector, « is the learning rate and
U is the momentum constant. The momentum term is used to avoid the weight ad-

justment to be stuck in the local minima and reduce the algorithm instability (HAYKIN;
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NETWORK, 2004), the u value must be variate between 0 and 1 but it is recommended
to use values between 0.4 and 0.9 (WYTHOFF, 1993). An low u value increases the
risk to the ANN get stuck in the local minima and a excessively high value might make

the model surpass the problem solution, it was used for all the ANNs an value of 0.9.

Other particularity of the model, despite the back propagation and the u constant,
was the use of variable learning rate, the learning rate is a parameter used in the back
propagation stage to define the conversion speed to the minimum solution. Setting the
Ir too high the algorithm would converge too fast making it unstable, setting too low
would make it to take too long to find the minimum solution or even never find it. To
optimize the forecasting problem, the ANN uses an larger o when it is far from the
solution and progressively decreases it while it gets closer by the use of the Eq. 13

and Eq. 14.

A1 =Ba (13)

. error
07 l W > 104

B= (14)

. error

Having been determined the basic ANNs structure, we had to choose how many
steps before should be appended in each input array to be computed by the ANN to
forecast one step further or r 4 1, which were call by time-steps, these time-steps are
the amount of lagged arrays (Fig. 2) that should be used as inputs for the ANNSs, this
concept is shown in the Fig. 3 which represents one time-step array, two time-steps
array, up to the time-series length (n time-steps). To optimize the lag determination it
was made an correlation analysis, for each place and accumulated period, just as in
the time-series missing data recovery, that was done autonomously by the algorithm
and was set to select only an number of time-steps that had an p value bigger than

0.5. This time-step parameter ranged from ¢ — 1 in the least correlated vectors up to
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1 time-step
t-1
o, Date
C | 7ime | MM | Boolean | hours | mm | mm
2 time-steps
t-2 t1
o, Date o, Date
C Time | M | Boolean hours | mm | mm C Time | MM | Boolean hours | mm | mm
n time-steps
t-n t-2 t-1
e o o 0 Date 0 Date
C Time mm | Boolean | hours | mm | mm C Time mm | Boolean | hours | mm | mm
t-n t-2 t-1

Figura 3 - Diagram of the time-steps concept

P time
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ANNSs training become more efficient if certain preprocessing steps are made on
data. Normalisation is crucial to prepare data to made it suitable for training, without
this step training would be slow and ineffective. In order to minimize bias into each input
feature that have widely different scales, this process is made to scale down data into a
similar range (YALDI et al., 2009). There are many types of normalisation procedures
such as statistical normalisation, that produces data where each feature has a zero
mean and a unit variance and Min-Max normalisation that rescales features from one

range to a new one depending on the type of activation function

To keep data inside the constraints of the tangent sigmoid transfer, fitting it into
the [—1,1] interval and making it proper for training, the dataset was normalised by
the Min-Max normalisation method demonstrated by the Eq. 15. Then the algorithm
was set to run and train all the ANNs models. It was generated 200 individual rainfall
forecasting ANNs based on the described methodology, the results of this research are

the accuracy of each individual ANN.
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3 RESULTS AND DISCUSSION

Brazil is a country of continental dimensions with contrasting climates, which were
represented by the chosen locations. The World Meteorological Organisation (WMO)
establishes the general procedures to calculate the monthly 30 year standard normals
and averages (WMO, 1989), which are important climatological variables that descri-
bes the climatic conditions of a given location. This index were used to contradistin-
guish the high variability of climate conditions that the ANN structures had to handle.
The two opposite climate conditions were Campo Mourdo and Jaguaruana, the nor-

mals of both locations are represented by Fig. 4.

(a) Campo Mourao (b) Jaguaruana
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Figura 4 - Thornthwaite Water Balance and Normal Temperature

Campo Mourao have an subtropical humid mesothermal weather with hot summers
and not frequent frosts, the precipitation is well distributed with an accumulated volume
of 1603 mm there is allegedly no water deficit throughout the year, in contrast Jaguaru-
ana have an tropical savanna climate with water deficit across the year with exception
of the months from February to May with an accumulated precipitation of 906 mm, the

location is an good representation of the Brazilian semi-arid region. Between these
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two contrasting climates there are the climes of all the other locations used in this pa-
per, the climate of each location lays among the Jaguaruana tropical savanna and the
Campo Mourao humid mesothermal weather. Given the conditions if it were used only
one ANN structure for all locations and seasons the noise would be high, and both the

accuracy and precision would decay.

To summarise all the the ANNs assertiveness or the capacity to retrieve information
in an general perspective, it was computed the mean accuracy percentage average for
all locations for each time range ([3, ..., 7]days) and season. In the Fig. 5 it is shown the
summarisation both for the autoassociative (a) and heteroassociative(b) capabilities
of the ANNSs structures, the auto-association is the phenomenon of associating the
input vector with itself as the output as called by estimation capacity, and the hetero-
association is that of recalling a related vector given an input vector or the forecasting

capacity (RAO; RAO, 2016).

(a) autoassociative (b) heteroassociative
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Figura 5 - Summary of ANNs autoassociative (a) and heteroassociative(b) perfor-
mance

When trying to self associate, the less accurate ANN was the one trained with
winter data for a cumulative period of three days and had an accuracy of 77.15% for
all regions, The most accurate were trained with autumn data and an period of seven
days achieving a accuracy of 97.61% , between all ANNs and cumulative periods the

estimation performance average was of 89.18% indicating that the ANN was able to
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recall the input variables and associate it with the desired output, which is an quality

indicative of the chosen inputs variables.

Different from estimation, the forecasting performance had an increased perfor-
mance variance, in its least accurate point which were in autumn with an accumulated
period of 6 days, the ANN structure had an accuracy of 53.14%, when most accurate it
had an forecasting success of 87.14% and were in winter with an 3 accumulated days.
The Artificial Neural Networks that had the best performance were the ones that had
their weights adjusted with data from winter and summer. Relatively to other studies the
performance was acceptable, VALIPOUR 2016b while detecting drought and wet years
obtained an average correlation of 0.90, in the prediction stage the model was mostly
accurate and dependant on the levels of deforestation. RIVERO; PATINO; PUCHETA
2015 developed a methodology based on ANNs to forecast rainfall on a monthly period
with incomplete datasets, the author utilised the symmetric mean absolute percentage
error (SMAPE) as a performance metric, the best performing model had an score of

0.51 which the author classifies as almost acceptable.

In Brazil on latitudes near the equator line like the city of Jaguaruana, winter is the
time of year that the rainfall index is usually higher. In summer this index tend to fall,
however at lower latitudes this indices reverse and winter happens to be the dry season
of the year, in both situations the climate is well defined making it easier for the neural
network to generalize its knowledge and accurately forecast the rainfall occurrence,

winter in all the accumulated periods was the most predictable season.

Autumn and spring are transitional epochs and there is a mix of climate characte-
ristics both from winter to summer, as from summer to winter. In these seasons the
artificial neural networks notably had greater difficulty in forecasting clearly whether or
not there would be rainfall, autumn was the least predictable season. Despite the fore-
cast accuracy being smaller in both seasons this is an important result, it indicates that
it was wise to create an model for each climate season, if this were not done and the

general model have been divided into only 2 times of the year, this effect would have
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been diluted in the results vector, so that the shape of the forecast chart in Fig 5 would

become flattened.

In the first half of the year of southern hemisphere are contained the summer and

fall, the inability of the network to generalise its knowledge of autumn would have nega-

tively impacted the summer forecast capacity, in the second half of the year the effect

would have been the same with the difference that the forecasting ability of winter would

be impacted by the spring. In the Fig. 6 is shown the detailed performance of each

ANN with an colour scale that visually represents the relative accuracy of the model,

by this figure is clear the predominance of the ANNs models being more accurate both

on summer and winter, the combination of location and season with the most notable

performance was Maceio on winter and the worst was Campo Mourdo on autumn.

Figura 6 - ANNs accuracy percentage performance

Accumulated Period 3 4 5 6 7 3 4 5 6 7
Location Spring Summer
Jaguaruana 97.22 100.00 100.00 94.44 9444 68.29 | 4444 38.89 52.78 63.89
Maceio 46.15 64.00 52.00 44.83 59.26 68.57 5429 70.00 58.33 50.00
Diamantino 63.89 75.00 66.67 66.67 61.11 77.78 88.89 86.11 86.11 88.89
Rio Verde 52.78 61.11 5556 69.44 5556 69.44 83.33 9444 77.78 88.89
Uberaba 56.10 56.10 60.98 60.98 60.98 68.29 68.29 78.05 92.68 85.37
Jaboticabal 46.34 51.22 6098 6341 60.98 46.34 68.29 8049 8049 92.68
Presidente Prudente  60.98 56.10 51.22 60.98 63.41 63.41 70.73 70.73 85.37 87.80
Ilvinhema 52.78 52.78 4167 61.11 66.67 66.67 61.11 63.89 63.89 7222
Piracicaba 60.98 60.98 51.22 6098 70.73 56.10 60.98 73.17 65.85 78.05
Campo Mouréo 4722 58.33 61.11 66.67 63.89 58.33 61.11 77.78 90.63 90.63
Autumn Winter

Jaguaruana 7222 66.67 63.89 63.89 5833 85.37 8049 70.73 73.17 6585
Maceio 61.29 51.61 54.84 70.97 68.75 93.55 96.67 100.00 96.77 100.00
Diamantino 58.33 55.56 | 38.89 4444 5556 88.89 88.89 83.33 83.33 80.56
Rio Verde 69.44 63.89 63.89 | 47.22 55.56 88.89 86.11 80.56 80.56 77.78
Uberaba 53.66 56.10 51.22 46.34 41.46 92.68 8293 8293 8293 78.05
Jaboticabal 80.49 48.78 4390 51.22 60.98 85.37 78.05 8049 7561 7317
Presidente Prudente = 53.66 56.10 51.22 5122 60.98 70.73 6585 63.41 6341 63.41
Ivinhema 63.89 5278 63.89 58.33 61.11 88.89 58.33 5556 63.89 63.89
Piracicaba 65.85 56.10 58.54 56.10 63.41 85.37 70.73 75.61 6341 5854
Campo Mourao 58.33 55.56 @ 41.67 41.67 38.89 91.67 7222 81.08 83.33 75.00

When oceanic air masses moves to continent inland they loose water through pre-

cipitation and the remaining of this masses become progressively depleted in water

vapour, this phenomena can be called continentality effect. By reaching orographic

obstacles, the condensation and rainfall associated with the adiabatic cooling of these
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raising air masses and further deplete the vapor of it, which is called altitude effect
(VUILLE et al., 2003). The continentality and altitude effect therefore can be important
as sources of rainfall variability over the years and as shown by Fig.7 and Fig. 8 impact

on the ANNs prediction performance.

Figura 7 - The effect of continentality on the ANNs accuracy at all seasons.
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Figura 8 - The effect of altitude on the ANNs accuracy at all seasons.
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The Continentality effect was a more prominent source of noise to the ANNs at
summer, the closer to the sea the bigger it was the impact on the ANNs accuracy
which is actually coherent. Summer is the season that the amount of solar radiation
and energy in the atmosphere are higher and consequently the amount of oceanic air
masses coming inward are greater. These air masses are highly unstable closer to the
sea and tend to loose its strength and stabilise as they move into the continent, the
impact of this phenomena on the ANNs forecasting accuracy is represented in the Fig.

7 graph B.

On winter the effect of continentality on the ANNs is quite the opposite of what
happens on summer, mainly because the amount of maritime air masses is lower than
summer which reduces the climatic variability and reverses accuracy tendency of the
ANNs as shown in the graph D of Fig. 7. As spring and autumn are transitional

seasons the effect of continentality is not quite well defined, on the first half of spring
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the oceanic air masses behaves more like the ones of winter and on the second half
it starts to behaves as the masses of summer, inverting this behaviour on autumn, the
effect of continentality on this seasons are shown on graphs A and C of Fig. 7. Alvares
et al. (ALVARES et al., 2013) described an strong correlation of temperature and the
effect of continentality during summer and the opposite on winter which corroborate

with the result obtained.

The Altitude effect on summer behaves closely as the effect of continentality, there
is a large amount of steam loaded air masses coming from sea and an increased
amount of orographic rainfalls (SALATI et al., 1979) which is apparently a type of preci-
pitation that the ANNs were able of correctly predict as shown by graph B of Fig 8. The
altitude effect is not as prominent on the accuracy of the ANNs on winter (Fig.9 graph
D) of which the amount of orographic rainfalls is quite reduced in comparison of sum-
mer, and both on spring and autumn it behaves as the continentality effect and by the
same reasons. Other studies (GONFIANTINI et al., 2001) on tropical rains described
an seasonal variation on rainfall volumes duo to altitude effect being more positive on
summer with respects to winter. This seasoned influence is explained duo to the lowe-
ring of temperatures and consequent increase of the condensation rate of atmospheric

vapour and a greater availability of air moisture on summer when compared to winter .

One factor that can affect directly the ANNs accuracy is the rainfall frequency and
volume by itself of which lack of exposure to a significant number of rainfall events
can make the ANN underforecast and miss its occurrence (KULIGOWSKI; BARROS,
1998a). As show by Fig. 9 graphs B and D, on winter and summer the ANNSs fore-
casting accuracy is correlated with the amount of rainfall in the period of which the
accuracy of the model increases with the precipitation amount. In spring and autumn

the precipitation volume do not affect the accuracy of the model.

Comparing the results of this paper with previous studies (KUMARASIRI; SON-
NADARA, 2006; KULIGOWSKI; BARROS, 1998a; NASSERI; ASGHARI; ABEDINI,
2008; HALL; BROOKS; Ill, 1999; RAMIREZ; FERREIRA; VELHO, 2006; RAJURKAR;
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Figura 9 - The effect of precipitation volumes on ANN models
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KOTHYARI; CHAUBE, 2002) was difficult firstly because of the disparity of ranges of

these studies, some have used short forecasting periods on the scale of hours and

others used a monthly scale, secondly these studies were focused on predicting not

only the rainfall event but also the precipitation volume, which wasn’t the goal of this

research.
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4 CONCLUSION

The objective of this dissertation was to develop an automatic ANN modelling stra-
tegy that through the analysis of time series predicts the occurrence of rainfall greater
than 5mm for each climatic season for accumulated periods from 3 to 7 days. The
study has led to the conclusion that the ANNs can forecast these events with an ave-
rage accuracy for all the accumulated periods of 78% on summer, 71% on winter, 62%
on spring and 56% on autumn. Despite the results, the performance of these models
could be improved in future studies, by using training algorithms that are capable of
converging on results closer to the global optimum such as training feedforward ANNs

with genetic algorithms.

Macroclimatic and mesoclimatic effects, such as the effect of continentality and the
effect of altitude as well as the normal precipitation volume, has an direct impact on the
forecasting accuracy of the ANNs in well defined seasons. Furthermore despite the
relatively lower forecasting performance of transitional seasons, the most important
seasons for Brazilian crop production are the summer and winter that are those that
the model had best accuracy, nevertheless the results of autumn and spring are still
applicable with some limitations. To improve this technic different classificatory algo-
rithms could be implemented, in addition exploratory multivariate statistical procedures,
such as principal component analysis or correspondence analysis, would better select
input variables. This work can also be applied and improved on other fields of human
activities such as transportation and traffic control and being employed to create alert
systems given its binary nature. However this type of ANNSs structures are suited as an
indicative of rainfall eminence and in future studies separate models can be developed

to forecast its volume.
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